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Headwater streams control the non-perennial
fraction of the global river network
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Quantifying the fraction of a river network that does not flow year-round
iscrucial, as the wetting and drying of channels governs important
hydrological and biogeochemical services of watersheds. However, this
remains challenging due to limited experimental data and the difficulty

of accurately representing the total length of rivers draining alandscape.
Here we present new global estimates of non-perennial stream fractions

by extrapolating low-resolution global simulations and detailed field
observations from experimental sites spanning diverse climatic settings.
Our findings show that non-perennial streams are far more prevalent than
previously recognized, both regionally and globally. When small headwater
streams are comprehensively accounted for, the global fraction of
non-perennial channels rises above 0.7 (up to 0.78), with regional estimates
inrelatively humid regions such as Italy and the eastern USA exceeding O.5.
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The study reveals that, owing to the abundance of small upland streams,

the effect of channel wetting and drying in headwaters persists evenin
much larger basins. The systematic prevalence of non-perennial streams
across different watershed sizes calls for a paradigm shift in water science,
emphasizing theimportance of adequately considering channel network
dynamicsinthe assessment of hydrological, ecological and societal services

provided by rivers.

River networks are often perceived as static entities', yet streams con-
tinuously adjust their length and shape, expanding and contractingin
response to the fluctuating hydrological conditions of the surround-
ing landscape®™. Stream network dynamics represent a ubiquitous
phenomenon across diverse climatic and geographic settings, from
humid regions to arid landscapes®®. When smaller, non-perennial
streams—those that periodically cease to flow and/or become dry—are
fullyaccounted for, the river network appears much denser thanantici-
pated’. This makes an accurate definition of the extent of the channel
domain achallenging task. Yet, experimental data and geomorphologi-
calanalyses consistently show that the contributing area at the channel
headsis rather small” (thatis, «1km?), which places the actual drainage
density of river basins within the range of 1-100 km km (ref. 11). While
itisnot possibleto derive anexact value for the total length of the global
river network, we attempted an estimate of the average global drainage
density D, by compiling a dataset of 344 empirical values reported in

the literature*°, Despite the presence of several upper outliers, the
interquartile range of D, remains relatively narrow (6.71km km), and
the sample mean exceeds 10 km km™ (that is, 10.48 + 1.13 km km%;
Methods). At the global scale, this yields a total river network length
surpassing 1.2 billion kilometres (excluding deserts and permanently
glaciated regions, where channels are typically absent).

Given the ecological and biogeochemical value of non-perennial
streams®%, itis crucial to identify, characterize and protect these seg-
ments of the global river network through targeted policy actions and
tailored monitoring techniques® . Thisis especially urgent as climate
change and river regulation are expected to increase the prevalence
of such streams® ™,

Currently, non-perennial reaches (that is, segments) are recog-
nized as the most common type of rivers and streams worldwide? %3¢,
The recent estimates by Messager et al.* serve as an important refer-
ence milestone in this area, suggesting that non-perennial streams
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Fig.1|Study catchments and focus regions. a, The geographical position of the
two macroregions considered in this study: Italy (ITA) and the eastern USA.

b,c, Maps showing the geographical location of the study catchments within each
macroregion. The numbers in parentheses indicate the number of catchments
considered for each site. The colour codes represent different CZs, as follows:

2, Arctic (typell); 3, extremely cold and wet (type I); 4, extremely cold and wet
(typell); 5, cold and wet; 6, extremely cold and mesic; 7, cold and mesic; 8, cool

8 9 10 M 12 14
temperate and dry; 9, cool temperate and xeric; 10, cool temperate and moist;
11, warm temperate and mesic; 12, warm temperate and xeric; 14, hotand dry
(Metzger et al.*®). The study sites along with their acronyms and corresponding
CZs are as follows: HB, Hubbard Brook 25 and 42 (CZ 7); F37, Fernow 37 (CZ 10);
SFP, South Fork Potts (CZ 10); P25, Poverty 25 (CZ 10); C40, Coweeta 40 (CZs 8,
10 and 11); BS, Biois (CZs 3, 5, 6 and 7); MNT, Montecalvello (CZ 11); TRB, Turbolo
(CZs11and 14). Maps created with ESRI ArcGIS Pro.

account for between 51% and 60% of the global river network by length.
However, these estimates do not fully account for the role of head-
water streams, which are typically more abundant and dynamic than
higher-order streams. Specifically, the global estimate of Messager
etal.**relies on streamflow datagathered in several near-natural gaug-
ing stations (Methods), which are used to extrapolate stream length
and non-perennial flow fractions across 465 spatial subunits worldwide.
However, the study refers to a global river network length that varies
between 23 and 64 million kilometres, depending on the streamflow
threshold used foridentifying the channel network domain. This rep-
resents less than 6% of the global river network length, assuming a
reference mean drainage density D,0f10.48 km of channels per square
kilometre (see Supplementary Table 3, where we also examine how
sensitive this percentage is to the chosen drainage density).

The core idea of our work is that determining the fraction of
non-perennial streams within a river network is a scale-dependent
problem, as results are heavily influenced by the degree of detail used
todefine the channel network and the watershed size®. Yet, the depend-
ence of the perennial fraction of river networks on the underlying
channel initiation threshold remains underexplored, and the role of
headwatersinshaping the fraction of non-perennial channelsinlarge
basins or regions is not fully understood, despite the growing avail-
ability of empirical datasets on stream expansion and retraction in
smallupland watersheds>***,

In this study, we combine theoretical analysis, model results and
adataset from12 headwater catchmentsinItaly and the USA (Fig.1) to
address the following key questions: (1) To what extent is the fraction
of non-perennial streams in large basins controlled by the headwaters?
and (2) What changes can we expectin current estimates of the propor-
tionof non-perennial streams across different basins and regions when
the headwaters are comprehensively accounted for?

Scaling model for network- and catchment-scale
temporariness

Regardless of the specific hydrological processes determining the
underlying flow intermittency, a non-perennial (that is, temporary)
channel is defined here as a stream that ceases to flow or dries out for
atleast one day per year onaverage®. The total temporary fraction (7;)
represents the proportion of non-perennial channels by length within
agiven area, considering all channels in that region. To better under-
stand the fraction of non-perennial streamsin a hydrological system, we
focus ontwo different but related metrics: catchment-scale temporari-
ness (¢c) and network-scale temporariness (¢y). Both metrics crucially
depend on the contributing area, A—the upstream drainage area that
contributes tothe discharge of astream (Fig. 2) and are described below:

« Network-scale temporariness, ¢y(A), represents the fraction of
non-perennial streamsinariver network, considering only reaches
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Fig. 2| Conceptual representation of network and catchment temporariness,
@n(A) and ¢p(A). a, Catchment-scale temporariness, ¢.(A): this represents the
fraction of non-perennial streams among all river channels with a contributing
areasmaller than A. Crucially, as the reference catchment area A changes, the
fraction of non-perennial streams also varies. In this example, a larger watershed
encompasses asmaller proportion of non-perennial streams, and the catchment-
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scale temporariness ¢ decreases with A. b, Network-scale temporariness, ¢y(A).
This represents the fraction of non-perennial streams among all channels with
acontributing areagreater than A. As the pruning areaincreases, the resolution
of the network representation decreases. In this example, the network-scale
temporariness ¢\(A) decreases with increasing pruning area, as larger channels
tend to be more perennial.

with a contributing area larger than A. ¢, is commonly used in
regional and global studies®®***¢, which focus on vaster territories
but sacrifice some spatial detail by using a larger threshold area
A for the description of the network. This metric helps estimate
how the temporary fraction within a river network changes with
the underlying network drainage density;

» Catchment-scale temporariness, ¢.(A), looks at the fraction of
non-perennial streams within acatchment or region, but only for
reacheswithacontributingareasmaller than A. Whenviewed asa
function of A, the catchment-scale temporariness shows how the
proportion of non-perennial reaches changes with the watershed
size. This metricis more suitable for detailed local studies, where
stream dynamics can be observed with a higher level of detail
(including all the headwaters).

In past studies, network-scale temporariness (¢y) and catchment-
scaletemporariness () have been evaluated only at specific points of
their domainusing preselected values of contributing area A. For exam-
ple, Messager etal.*® estimated ¢ for A = 10 km?* (Supplementary Fig. 4)
and used this value to extrapolate and infer the temporary fraction of
the global river network, 7. Similarly, ¢ has been calculated empiri-
cally only at the outlet of a few headwater catchments, where experi-
mental data on stream network dynamics are available®>*°,

Oneimportantissueis that point-wise values of ¢y and ¢. should
not be automatically assumed to be good proxies for T;. Specifically,
¢n(A) approachesthe total temporary fraction only when A is close to
Ain theactual contributing area of the channel heads, meaning even
thesmallest streamreaches areincluded. Likewise, ¢.(A) approaches
the total temporary fraction only when the entire area of the focus
catchmentor regionis considered (that s, for large values of A). There-
fore, inferring T; on the basis of available ¢ estimates is not straight-
forward and necessitates some extrapolation. This Article uses the
concept of scaling to understand how the temporary fraction varies
with catchment size and channelinitiation threshold. Specifically, we
analyse patterns of ¢py across large domains (including the world, Italy
and the eastern USA) using existing model simulations®, alongside
empirical patterns of ¢ from our 12 study catchments (Methods). We
then use a dual scaling model to extrapolate network (¢) and catch-
ment (¢pc) temporariness beyond their respective observed domain
(that is, for small pruning areas and large contributing areas) using a

common set of parameters. These extrapolations, in turn, enable us to
infer the total temporary fraction T;for the selected study regions and
therelevant river basins.

Furthermore, our analytical framework demonstrates that T;can
be represented as a weighted average of ¢ and ¢ evaluated at the
same contributingarea. This highlights the need to jointly model these
two functions when inferring T, particularly when the pruning areaiis
too coarse or the catchment areatoo small. From this perspective, our
theoretical framework helps reconcile the scale mismatch between
catchment and network temporariness (namely, the unavailability of
¢y at small values of A, and of ¢ at large values of A). Importantly, it
also provides a robust and objective framework for quantifying the
relative contributions of headwaters (¢.) and larger streams (¢,) to
the overall temporary fraction of ariver network.

Results

Scaling of the proportion of non-perennial streams

Analysing the patterns of network-scale temporariness across vast
domainsis challenging due to the limited availability of spatially dis-
tributed data on stream intermittency covering all the branches of
large river networks. To address this, we leverage the output from
the modelling study by Messager et al.**—referred to hereafter as the
Global Intermittent Rivers and Ephemeral Streams (GIRES) dataset—
to examine network temporariness across three study regions: the
entire world, Italy and the northeastern USA (Fig. 3). The values of ¢
derived from the GIRES dataset exhibit a clear monotonic patternin
all cases: the smaller the network pruning area, the higher the fraction
of non-perennial streams by length. The scaling pattern emerging in
the GIRES dataset is disrupted only for contributing areas smaller than
10-20 km? (semi-transparent circles). Below this point, the value of
¢y derived from the GIRES dataset remains nearly constant due to the
limited number of channels with A <10 km?included in the network
domain (representing only 6.7% of the total length considered).

Our analytical model (equation (1)) closely replicates the decreas-
ing trend of ¢y(A) emerging from the GIRES dataset across the three
focusregions (with R*approachinglinall cases). Extrapolating ¢ for
contributing areas smaller than 10 km? using our scaling model shows
that including small headwater channels in the calculation leads to a
marked increase in the fraction of non-perennial streams. Although
the x axis is logarithmic, with intervals on the left representing
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progressively smaller changes in A, the variations in ¢, remain con-
sistent across all contributing areas explored, indicating a markedly
convex decay of network temporariness with the pruning area’'. This
isbecause low-order streams are consistently more dynamic and abun-
dant than higher-order channels®*?, notably influencing the overall
temporary fraction of larger basins across a wide range of channel
initiation thresholds.

Unlike network-scale temporariness, catchment-scale temporari-
ness canbe analysed empirically in sites where observations on network
expansion and contraction are available. To this aim, here we leverage
empirical datafrom 12 catchments in Italy and the USA encompassing
diverse climaticand hydrologic conditions. The selectionincludes sites
where stream intermittency has been measured with sufficient spatial
and temporal resolution, although hot and dry climates are not repre-
sented. The empirical patterns of catchment-scale temporariness, ¢,
across our study sites reveal agenerally monotonically decreasing trend
(Fig.4).Ouranalyticalmodel reasonably captures the observed patterns
of ¢.(A) (with a mean R? exceeding 0.80). While some scatter in the
experimental data suggests the potential presence of non-monotonic
patterns in catchment temporariness, the overall trend indicates that
larger basins have a higher proportion of perennial streams compared
with their smaller subcatchments, in line with what is predicted by the
analytical model. Although the notion that smaller streams are more
dynamicand less perennial than larger rivers is certainly intuitive, this
study provides rigorous empirical and theoretical support for it.

The modelled catchment-scale temporariness, ¢, has been also
extrapolated for contributing areas larger than those where empirical
datahavebeen collected (Fig.4). Inthe extrapolation, itis assumed that
the scaling patterns observed in the headwaters also hold for larger
channels and for the new headwaters draining into them. In all cases,
the rate of decrease of the catchment-scale temporariness dimin-
ishes as the contributing area increases. Consequently, the relative
changes in ¢.(A) become smaller for larger contributing areas, with
¢c(A) approaching a nearly flat behaviour as A reaches 10 km?. This
behaviour stems from the disproportionate length of small streams
compared with large channels and tends to emerge from both the
empirical observations and the scaling model in most of the circum-
stances examined in this study.

Temporary fractions estimates

The ability of the model to accurately reproduce the patterns of ¢y (A)
and ¢-(A) fromboth experimental data and the the GIRES dataset indi-
catesit can offer reasonable predictions of the total temporary fraction
T:in different basins or regions by extrapolating the trends exhibited
by the network and catchment temporariness.

Inferring T; by extrapolating the network temporariness ¢y(A)
requires caution, as the result is potentially sensitive to the chosen
value of the channel initiation threshold, A, (Fig. 3). This threshold
controls the extent of the modelled channel network and is typically
calibrated to match observed drainage density in a given region.
Although the exactlength of the world’s river network cannot be deter-
mined, we adopt arepresentative range for the global mean drainage
density 0f10.48 +1.13 km km, derived from a statistical analysis of
previously published data (Methods). Under this assumption, extrapo-
lating the GIRES dataset yields a global temporary fraction of
0.767 £ 0.021t00.784 + 0.020 (Table1). These values reflect uncertainty
inthe model parameters and the value of global network length. Inter-
estingly, the sensitivity of T;to drainage density is relatively limited
within the range of D4 values in line with empirical observations (Sup-
plementary Information Section 5.5). This aggregated estimate was
complemented by a disaggregated analysis that subdivided the world
into 60 river basins, to account for spatial variability in both the shape
of ¢n(A) and Dy (thatis, A,,;,). The disaggregated estimate yieldsarange
of T;from 0.728 + 0.011 to 0.736 + 0.010 depending on the reference
mean global drainage density, slightly lower than the corresponding
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Fig. 3| Scaling of the network-scale temporariness. a-c, The GIRES dataset

was analysed to estimate the fraction of non-perennial streams in river networks

characterized by different pruning areas, ¢\(4). The three plots represent

different regions: the entire world (a), Italy (b) and the eastern USA (c). Circles

represent the results of calculations based on the GIRES dataset, with transparent

ones indicating pruning areas below 20 km?, where the the GIRES dataset does

notinclude the expected number of reaches owing to the limited resolution

of the network domain. These points are fitted with the modelled ¢ (red line,

equation (2), R*=0.99 in all cases) and extrapolated to lower pruning areas, down

to the point where the drainage density equals 10.48 km km™. The confidence

interval (CI) for the fitting is also shown. This Cl refers to the ensemble of all

the model predictions fulfilling the minimum performance criteria defined in

Supplementary Information Section 4.2. This approach enables the calculation

of the total temporary fraction, T, as the intercept of the red line with the vertical

lineA =A,,.: T;= 0.78 globally (a), T;= 0.59 in Italy and T; = 0.62 in the eastern USA.

aggregated estimate. The spatial patterns of the temporary fraction
derived fromthe disaggregated estimate are shownin Fig. 5and reveal
a clear climatic signature. The highest T; values are concentrated in
Africaand Australia. By contrast, the lowest values of temporary frac-
tion occur in Northern Europe, some major Asian-Pacific islands
(including New Zealand and the Philippines) and the Amazon basin.
Both Asiaand the Americas display pronounced internal heterogeneity
of temporary fraction, with a wide range of T;across different basins.
Although the geographic distribution of 7, might be impacted by the
spatial patterns of Dy, the global T;value shows a limited sensitivity to
the observed D, heterogeneity. Indeed, assuming a spatially uniform
drainage density all over the world, yields analogous results for the
global T;(Supplementary Table 6). The disaggregated approach effec-
tively captures existing heterogeneity in climate and geomorphological
features, which are reflected in a multimodal frequency distribution
of T;(Fig. 5, inset); however, model performanceis poorer as compared
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area. This Cl refers to the ensemble of all the model predictions fulfilling the
minimum performance criteria defined in Supplementary Information Section
4.2. The model effectively captures the decreasing trend of the temporary
fraction withincreasing A. a-1correspond to the 12 study catchments, identified
by their acronyms, as labelled in the figure. The coefficient of determination
(R?) for each study catchment is as follows: R*(C40) = 0.96 (a), R*(F37) = 0.26

(b), R(H25) = 0.70 (c), RA(H42) = 0.96 (d), R*(P25) = 0.78 (e), RA(SFP) = 0.71

(), R(BS) =0.98 (g), R*(FC) = 0.88 (h), R2(MNT) = 0.49 (i), R*(TRB) = 0.96 (j),
R*(UBS) = 0.96 (k) and R*(VLF) = 0.97 (I) (Supplementary Table 4).

with the aggregated estimate, especially in regions with limited data
and scattered network temporariness (Supplementary Fig. 11). This
circumstance may limit the robustness of the extrapolation procedure
inthe disaggregated scenario.

In all the scenarios explored, the resulting value of temporary
fraction is notably higher than the range of 0.51-0.60 suggested by
Messager et al.*®, Although based solely on the GIRES dataset, our
extrapolation probably improves upon previous assessments as they
aregrounded onamore consistent and realistic representation of the
globalriver network length.

When calculating 7; from the extrapolation of ¢(A) at the
regional scale, uncertainty in the representative channel initiation
thresholdincreases further. Drainage density can vary substantially
with climate and geological characteristics and regional values

should be calibrated tolocal landscape properties. To overcome this
challenge, for Italy and the eastern USA, we adopted a conservative
approach by using the average drainage density observed within the
study catchments of each region, as these values are lower than the
corresponding global mean. Evenin this conservative scenario, the T;
estimates for the eastern USA (0.62 + 0.02) and Italy (0.59 + 0.01) are
significantly higher than those reported by Schneider et al.** (0-0.25
for bothregions) and those inferred from the the GIRES datasetin the
case of 32 million kilometres of channel (7= 0.29 for the USA, T;= 0.36
for Italy)®. In all three macroregions, the relative contribution of
@n(A =10 km?) to T;is on average 5%, suggesting that unaccounted
headwaters mainly determine the actual value of temporary fraction
due to the dominance of low-order streams in the regional or global
channel network.
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Table 1| Study catchments and regions along with their key hydromorphological attributes

Catchment A, .x(km?) A,in(km?) L,.(km) Dy(km™) Tito
Coweeta 40 (C40) 0.41 0.044 2.55 6.26 0.218+0.009
Fernow 37 (F37) 0.37 0.049 173 472 0.839+0.006
Hubbard Brook 25 (H25) 0.22 0.008 3.08 14.20 0.824+0.005
Hubbard Brook 42 (H42) 0.42 0.001 4.27 10.06 0.590+0.004
Poverty 25 (P25) 0.25 0.040 1.91 768 0.893+0.008
South Fork Potts (SFP) 0.73 0.077 2.09 2.87 0.711£0.010
Biois (BS) 22.75 0.908 4673 2.05 0.538+0.007
Fuciade (FC) 5.85 0.928 8.04 1.37 0.370+0.011
Montecalvello (MNT) 375 0.385 6.09 1.62 0.549+0.007
Turbolo (TRB) 6.78 0.032 39.97 5.90 0.697+0.006
Upper Biois (UBS) 9.78 0.816 18.98 1.94 0.492+0.009
Valfredda (VLF) 5.27 0.737 16.97 3.22 0.674+0.007
Region
0.216 1.231x10° 9.35 0.767+0.021
World aggregated 1.32x10°8 om 1.380 x10° 10.48 0.775+0.023
0.025 1.529 x10° 11.61 0.784+0.020
0154 1.231x10° 9.35 0.728+0.0M
World disaggregated 1.32x108 0142 1.380 x10° 10.48 0.73120.0M1
0131 1.529 x10° 11.61 0.736+0.010
Italy 3.01x10° 0.818 810x10° 2.69 0.585+0.014
Eastern USA 6.98 x10° 0.016 5.33x10° 763 0.617+0.020

The first column provides the name and acronym of each catchment or region. Columns 2 and 3 contain information on the maximum catchment size for which observations are available

or the region size (A,,.,) and the representative value of the channel initiation threshold in the focus catchment or region (A,,,), derived on the basis of the scaling of the channel length

with pruning area by imposing the total network length in the target domain (column 3). Therefore, A, changes across different regions, and is anticorrelated with the scaling exponent

b. This explains the variability of the parameter across catchments, with the lowest A, corresponding to the highest b. The values with the asterisks correspond to cases in which D is
heterogeneous, for which the spatial average of the pruning areas across all basins is reported. Columns 4 and 5 contain information on the maximum flowing network length (L.,) and the
associated geomorphic drainage density (Dy) based on the maximum network length. In the world, D4 is estimated on the basis of a sample built using literature data®*"® and L, is calculated
accordingly (Methods). In Italy and the eastern USA, instead, we adopted a conservative approach where Dy is calculated as the average drainage density observed across all the study

catchments belonging to the considered region. The final column presents the estimated temporary fractions, derived by extrapolating the modelled ¢ (for catchments) and ¢, (for regions).

Analternative method for estimating T:involves extrapolating the
observed catchment-scale temporariness, ¢, for larger contributing
areas (Fig. 4). The extrapolation results are presented in Fig. 6 and
Table 1. For catchments in the USA, the estimated T; values predomi-
nantly range from 0.59 to 0.89, with amean of 0.68 and a single outlier
(T;=0.22 for Coweeta 40). In the Italian peninsula, 7;spans from 0.37
t0 0.70, withamean of 0.55.

The T;values derived from extrapolating ¢p. should be interpreted
with caution, asthey donot represent the temporary fraction observed
within each study catchment (¢ evaluated for A=A,,,,), but the pre-
dicted temporary fraction for a larger watershed that includes one of
our experimental sites in its headwaters. This prediction relies on the
observed scaling of perennial and non-perennial lengths within the
study catchments. However, our estimates assume the temporariness
of headwaters across the entire basin or region reflects the network
dynamics observed within our experimental sites, which may not hold
duetospatial heterogeneity in geological, morphological and vegeta-
tion characteristics. For instance, extrapolating T;in the Piave River
basin (northeastern Italy), which encompasses four partially nested
monitoring catchments with varying sizes, elevations and ground-
water spring distributions, results in T; values ranging from 0.37 (FC)
to 0.67 (VLF), depending on the headwater site used for prediction
(Table1). Fromthis perspective—although geology, climate and land-
scape characteristics may vary both locally and regionally—collecting
empirical dataon network dynamics in large watersheds (for example,
Amax >10-100 km?) could increase the representativeness of headwater
observations, thereby improving the reliability of T; estimates based

on ¢ extrapolations. Regardless of the specific values of T;inferred
from the catchment-scale temporariness, the scaling of network length
with pruning area shows that headwaters (channels with a contribut-
ing area smaller than A,,,,) account for at least 84.4% of T;in the US
basins and 83.5% in the Italian basins (Supplementary Information
Section 5.4). This highlights that headwaters are far more abundant
than higher-order channels and strongly influence the total fraction of
non-perennial streams across a wide range of catchment areas.

Although acknowledging the uncertainty regarding the repre-
sentativeness of our experimental sites for larger-scale assessments,
and aware that global analyses are not designed to capture subregional
patterns, we believe comparing our basin-scale estimates of T with
those of Messager et al.* isinstructive. The extrapolated T;values from
the empirical ¢c(A) curves are consistently higher than the temporary
fractions derived from the GIRES dataset for the river basins contain-
ing the study catchments (on average +0.29), in the scenario where the
global river network spans 32 million kilometres. This discrepancy is
particularly pronounced in the humid, cooler regions of Italy and the
USA (BS, H25 and H42), where the the GIRES dataset suggests that
almost all reaches of the network should be perennial.

Extrapolating catchment-scale T;estimates to the regional level
introduces additional uncertainty, due to the broader extent of the area
under investigation. However, given the even geographical distribu-
tion of study sites across the focal regions, and their ability to capture
the relevant climatic regimes within each region, we argue that these
extrapolations provide a meaningful first-order approximation of
the actual temporary fractionin Italy and the eastern USA. Infact, the
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Fig. 5| Global spatial patterns of temporary fraction Ti. The map reports the
disaggregated T;estimates for the 60 river basins delineated according to
HydroBASINS (level 2)*. For each basin, ¢, was fitted independently and

extrapolated to the corresponding A, yielding a basin-specific value of T;.
The inset shows the global frequency distribution of T, which is clearly
multimodal, with the dominant mode at 7;=1. Map created with ESRI ArcGIS Pro.

a b
1.0 1.0
P25
F37
. 08 . 08F H25
[ [Ny
< c SFP
% 2 TRB VLF
g 06 g 0.6 - H42
= - BS
= > MNT UBS
2 0.4 s 0.4
g 8™ FC
€ €
(0} (0}
= 02 = 02r
C40
Interpolation line (R2 =0.58)
1 1 0 L L L L L
Eastern Italy 0 1 2 3 4 5 6
USA Wetness index P/PET

Fig. 6 | Estimate of the total temporary fraction T;derived by extrapolating
¢c(A) inour 12 study catchments and relationship with climate. a, Abox plot
showing the distribution of temporary fractions (7;) in the study catchments,
separated by macroregion: the eastern USA (left) and Italy (right). The box plot
for the eastern USA is based on six catchments, witha minimum outlier (cross
symbol) of 0.21and a maximum value of 0.88. The median is 0.77, while the 25th
and 75th percentiles are 0.59 and 0.84, respectively. The box plot for Italy is based
onsix catchments, with a minimum value of 0.37 and amaximum of 0.70. The
medianis 0.54, while the 25th and 75th percentiles are 0.49 and 0.68, respectively.
b, Therelationship between the total temporary fraction and the wetness index,
calculated as the ratio of mean annual precipitation (P) to mean annual potential
evapotranspiration (PET). These Pand PET values refer to the time periods

where the surveys were conducted (Supplementary Information Section 1).

Arid catchments tend to exhibit higher average T;values. The linear regression is
represented by the dashed line, with a coefficient of determination of R = 0.58.

mean T;values inferred from empirical data in our study catchments
reasonably align with the corresponding regional estimates derived
by extrapolating the ¢\(A) fitted on the the GIRES dataset to smaller
streams (Fig. 3b,cand Table 1).

Interestingly, the T; estimates based on ¢. show a clear depend-
ence on the underlying hydroclimatic conditions, with higher values
of T;associated with more arid regions (lower catchment wetness
index, calculated as the ratio between mean precipitation Pand mean
potential evapotranspiration PET). Our analysis confirms that sites with
agreater abundance of excess water tend to have a higher proportion

of perennial streams, in line with previous studies****'. The scatter
of experimental points in the T; versus P/PET plot is moderate, sug-
gesting that our basin-scale temporary fraction estimates primarily
reflect the hydroclimatic regime of the area, withlower influence from
site-specific factors (catchment size, drainage density and geological
substrate). Notably, all sites with P/PET < 2.5 have an estimated total
temporary fraction higher than 0.55. Given the widespread extent
of water-limited and mid-humid areas globally (with approximately
90% of the land surface having P/PET < 2.5; Supplementary Fig. 14),
our ¢-based T;estimates, grounded on local observations of network
dynamics, confirms that non-perennial channels certainly represent
the most common type of rivers globally.

Conclusions

Non-perennial rivers are not special types of rivers; rather, they reflect
the widespread and natural occurrence of streamflow intermittency
driven by hydroclimatic variability. Estimating the temporary fraction
of ariver network at large scales presents considerable challenges.
Empirical data are scarce and mainly confined to headwaters, while
global datasets that rely on discharge data from distributed monitoring
networks fail to capture network dynamics in low-order streams. In this
Article, weadvance current large-scale estimates of the proportion of
non-perennial streamsinariver network by focusing on the pivotal role
of headwaters. To achieve this, we leverage on a dual scaling model that
enables extrapolation from upstreamreachesto larger watersheds, as
wellas from high-order channelsback tothe headwaters, using the same
set of parameters. The approach has been successfully applied to an
existing global dataset (GIRES) and empirical observations gathered
in12studysites. Our results indicate that headwaters consistently con-
trol the value of the temporary fraction across catchments of any size.
This means that flow intermittency is not limited to upland, low-order
streams; rather, the signature of channel wetting and drying in the
headwaters persists evenin bigger watersheds, owing to theabundance
of suchstreams in large river networks. The present analysis also sug-
gests that the global temporary fraction can be significantly higher
than expected, reaching valuesinthe range of 0.7-0.8 when low-order
streams are adequately considered. Similarly, regional estimates of T;
in Italy and the eastern USA approach or surpass 0.6, consistent with
extrapolations from the experimental sites considered in this study.
The fraction of non-perennial streams in a river network displays a
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strong climatic signature, with adominant proportion of intermittent
reachesinareaswhere P/PET < 2.5 (which accounts for roughly 90% of
thegloballand surface). Overall, our work reveals that, when headwa-
tersare comprehensively accounted for, non-perennial streams largely
dominate the river network length, regionally and globally.

Methods

Estimation of global drainage density and characterization of
the regional patterns of D4

Because the exact value of drainage density (D,) at the global scale can-
not be directly determined, we compiled data from nine published
experimental studies reporting empirical measurements of D4 across
diverse climatic and geographicsettings®> ™. This produced a dataset
of N=344individual observations of D, We analysed this sample using
the maximum likelihood method to estimate the sample mean and its
associated uncertainty, obtaining a mean D, 0f10.48 + 1.13 km km™,
where the uncertainty corresponds to 1.96 a/y/N, with being the sample
standard deviation. This value should be regarded as an estimate of the
globalvalue of D4 rather thananexact figure. Nevertheless, it represents
the most objective approach available to approximate aglobal average
drainage density from existing empirical evidence. The full frequency
distribution of D4is shown and discussed in Supplementary Information
Section 5.1. In the disaggregated scenario, where D, varies spatially
across different basins, catchment-specific drainage density values
were obtained from the global map delivered by Lin et al.**, rescaled by
amultiplicative factor to match the selected global average of D,.

General relationship among network temporariness,
catchment temporariness and total temporary fraction

In this study, we assume that the overall river network domainis fixed
and known (the so-called geomorphic river network). Moreover, we
postulate that each network segment can be classified as either
non-perennial (if the stretch dries out for at least one day per year on
average) or perennial (if it dries out for less than one day per year on
average). Consequently, the total length of theriver network, L, consists
of two additive and complementary components: the non-perennial,
temporary length, L, and the perenniallength, L, suchthatL =L + L,
In this vein, the total temporary fraction of a channel network,
T;, is defined as the ratio of the temporary to the total length, that
is, T; = % =1—LT".

In a similar vein, the total river network length, L, can be decom-
posed into the length of streams with a contributing area smaller
than A (thatis, those within subcatchments with area smaller than A),
denoted as L-(A), and the length of channels with a contributing area
larger than A (that is, those in a network extracted using the prun-
ing area A), denoted as L\(A). This decomposition is expressed as:
L =Lc(A) + L\(A) = const. By combining the decomposition with the
definition of T;, we obtain the following equation, which s valid for any
arbitrary contributing areaA above the contributing area of the channel
heads A, (Supplementary Information Section 3.3):

L Te = Lc(A) @c(A) + Ln(A) §n(A), @

where ¢¢(A) and ¢(A) represent the catchment and network tempo-
rariness, respectively. This equation shows that the total temporary
fraction canbe expressed as aweighted average of the catchment and
network temporariness, evaluated at the same contributing area A.
The weights are represented by the fractions of network length with
contributing areas smaller and larger than A, respectively. For instance,
if, for A=10 km?, theratio L,(A)/L = 0.15, it could be concluded that the
relative contribution of ¢ to T;at 10 km?is only 15%, because the value
of ¢y incorporates only 15% of the total network length. The weight
functions Ly(A) and Lc(A) = L - Ly(A) ontheright-hand side of equation
(1) are determined by fitting a power-law scaling to the modelled and
observedrelationships between channel network length and pruning

area, whileaccounting for finite size and coarse-graining effects where
applicable (Supplementary Fig. 8).

Study catchments

To better understand the role of headwaters in shaping the tempo-
rariness of large-scale river networks, we use experimental data gath-
ered in 12 headwater catchments in Italy and the eastern USA. These
sites encompass the majority of existing experimental catchments
where data on stream network dynamics have been collected with
sufficient spatial resolution and full spatial coverage, and are openly
available. Although we recognize that extremely dry and arid sites are
notincludedintheselection, the catchments span arange of latitudes
(approximately 35°to46° N) and altitudes (from 89t0 3,000 ma.s.l.),
and aredistributed across seven diverse climatic zones (CZs 3,5, 6,7,10,
11and 14; see the caption of Fig. 1). Their contributing areas vary from
22 hato 23 km?, and their maximum drainage density (calculated when
the network s fully expanded) falls in the range 0f 1.37-14.20 km km™
(mean 5.1 km km™). At these experimental sites, the active portion
of the river network has been mapped multiple times (at least seven
times) under highly variable hydrological conditions (for example, wet
versus dry), enabling the estimation of the spatial distribution of local
persistency, namely the percentage of time during whicheach branch
of theriver network is actively flowing.

GIRES dataset

The dependence of the network’s temporary fraction on the pruning
area is assessed across different large-scale domains (Italy, the east-
ern USA and the entire globe) using the GIRES dataset developed by
Messager et al.*®. This model offers the most up-to-date and widely
recognized estimates of the temporary fraction at both global and
regional scales. Itisbased onaglobal digital river network constructed
from geospatial informationinthe RiverATLAS and HydroATLAS data-
sets, using a digital terrain model with a grid size of 15 arc-seconds
(approximately 500 m at the Equator). The channel network domain
is defined by pixels that meet one of the following criteria: (1) the pixel
hasanupstreamwatershed area greater than10 km?or (2) the pixel has
along-term average natural discharge (mean annual flow) exceeding
0.1m?s™.. The above criteria were applied globally to define the river
network across all continents, except Antarctica (Supplementary
Information Section2), resulting in a total network length of 23 million
kilometres. A random forest model was then applied to calculate the
probability of flow intermittence for each reach of the network, which
was eventually used for classifying these reaches as either ‘perennial’
or ‘non-perennial’. The model predictorsinclude variables describing
climate, physiography, land cover, soil, geology and hydrology. The
training and cross-validation use spatially distributed discharge data
on mean annual flow derived from 5,615 streamflow gauging stations
worldwide. Although this sample may not fully represent natural hydro-
logical conditions, the work by Messager et al.”® offers a reliable esti-
mate of temporary river fractions, based on gauging stations selected
toreflect near-natural conditions. The analysis of the distribution of the
network length L, with A (Supplementary Information Section 2) indi-
cates that headwaters are underrepresented in the the GIRES dataset,
with channels having contributing areas lower than 10 km?accounting
for only 6.7% of the total network length. This underrepresentation
also persists in the extrapolation scenario where the total network
length is increased to 64 million kilometres. In this case, in fact, the
drainage density of the the GIRES dataset (0.48 km km™) remains one
order of magnitude lower than the actual drainage density observed
inthe field (Table1).

Reconstructing the patterns of network and catchment
temporariness from empirical data and model simulations
Catchment-scale temporariness, ¢.(A4), is derived for each study catch-
mentusing empirically based maps of local persistency (representing
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the percentage of time a reach remains flowing). To estimate ¢.(A), we
firstanalyse the empirical estimates of the persistencies of each reach
within the study catchments and classify each reach as either peren-
nial or non-perennial. Following Messager et al.*®, we define areach as
non-perennial if it dries out on average at least one day per year, and
as perennial otherwise. Accordingly, reaches with a persistency equal
to or greater than 0.99 are classified as perennial, while all others are
considered non-perennial. The contributing area for each reach of
the network is then calculated on the basis of a digital terrain model
of the area (resolutions ranging from 1to 5 m), which has been made
consistent with the network itself (Supplementary Information Section
1). Finally, the function ¢.(A) is calculated as the ratio of the length of
non-perennial channels witha contributing areasmaller than A to the
total length of the network having a contributing area smaller than A
(Supplementary Information Section 3.1). This computationisrepeated
by varying A from the minimum area of the channel heads, A,;,, up to
the catchment area at the outlet, A,

Similarly, the network-scale temporariness, ¢y(A), is derived by
analysing the reach-scale classification in the GIRES output as either
non-perennial or perennial, along with the corresponding cumulative
area associated to each river segment within our focus regions. The
network temporariness, ¢(4), is then computed as the ratio of the
length of non-perennial channels with contributing area greater than
Atothetotallength of channels with contributing area greater than A
(Supplementary Information Section 3.2). This calculationis repeated
by varying A from the minimum contributing area of the network to
the total catchment or region area. In the analysis, only reaches with
acontributing area greater than 20 km?were considered for identify-
ing the scaling of ¢y(A4), to account for the limited number of reaches
withsmaller values of contributing area included in the GIRES domain.

Scaling model for ¢y(4) and ¢(A)

To reproduce and extrapolate observed patterns of network and
catchment temporariness, we assume that the network domain can
be defined using an appropriate threshold for the contributing area
andintroduce ascaling model that relates network length to the prun-
ingarea, A. This modelisinspired by geomorphological studies, which
suggest the existence of apower-law relationship between the channel
network length, Ly, and the corresponding head pruning areaA, of the
form Ly(A) = a A™, where a and b are constants'*>**, In this study, the
modelis extended to the perenniallength of the river network, L, y(4),
whichis assumed to follow the same type of power-law scaling exhib-
ited by the network length Ly: L, \(4) = cA™. Both these relationships are
assumed to be valid ina given catchment or region for A ranging from
the minimum pruning area A,,;, to the total area of the catchment or
region, A,,.. Under the above assumptions, the catchment and network
temporariness can be analytically expressed as follows:

o) =1— k()™ ©)

(3

—-d
Pc(A) =1—k(Amn)"™* [M] ,

1= (A/Amin) ™"

where b, d, k= c/aand A, are the catchment- or region-specific model
parameters. The above analytical expressions need to be corrected as
detailed in Supplementary Information (Supplementary Equations (8)
and (12))in caseswhere L, y(A) = Ly(A) for A < A, (thatis, if the network
is completely perennial above a threshold contributing area). Of the
five model parameters, a and b are fitted to the reconstructed func-
tions L\(A) (either derived from empirical data or from the GIRES
dataset). In addition, for our study, catchments c and d are fitted to
the functions ¢-(A) derived from empirical data. Instead, for the mac-
roregions, c and d are fitted to the function ¢y(A) obtained from the
GIRES dataset analysis. Finally, A..;,, which represents the typical
channelinitiationareain the focus region, is determined on the basis
ofthe observed (or estimated) drainage density D, from the equation

IN(Amin) = aA78 = Dy A,y . Accordingly, A, depends on Dy, b and
A..../a and may vary considerably across different catchments or
regions, even whenthey are nested. In the calibration process, we use
aninformal Informal Generalized Likelihood Uncertainty Estimation®
approach to identify the optimal set of model parameters and their

corresponding confidence intervals.

Extrapolating network and catchment temporariness to
estimate T;

The equations derived for catchment-scale and network-scale tem-
porariness enable the estimation of the total temporary fraction of a
given catchment or region using a straightforward analytical approach,
as detailed below. Specifically, the temporary fraction T, by defini-
tion, can be interpreted as the limit of ¢p.(A) as the contributing area
A approaches the size of the focus region, ensuring that all channels
intheregion are accounted for. Similarly, T;can be viewed as the limit
of ¢n(A) as A tends to the minimum support area of the network, A,.;,,
ensuring that all headwaters are comprehensively accounted for.
Thus, provided that A,,,, > A,..;,, the total temporary fraction of ariver
network can be expressed as

Tf :AET ¢C(A) :Al_ill:qn. ¢N(A) = l_k[Amin]bid? (4)

which is amenable to analytical evaluation. When T;is inferred from
the extrapolation of ¢ (A), the estimation procedure depends on the
nature of the estimate (aggregated versus disaggregated) and the
underlying spatial patterns of drainage density. Inthe aggregated case,
where D, is uniform across the target domain, the aggregated ¢\(A)
function is extrapolated to A.;,. In heterogeneous scenarios, by con-
trast, each basin-specific ¢y is extrapolated individually, using spatially
variable A, values that reflect the imposed distribution of D, (see
‘Estimation of global drainage density and characterization of the
regional patterns of D4 section). The procedure of extrapolating ¢\ (A)
to infer T;is similar to that devised by Messager et al.*, with two key
differences: (1) it uses scaling laws based on contributing areainstead
of mean annual flow (whichis harder to assess), and (2) the extrapola-
tion incorporates a larger number of small channels, better aligning
with the actual drainage densities of rivers and fully capturing the
influence of the headwaters. Interestingly, in all cases, ¢(4) remains
considerably different from T;unless Ais very close to A, while ¢p.(A)
convergesto T;atrelatively low values of the contributing area (approx-
imately A = 10-100 km?). This suggests that using ¢.(4) to approximate
T may be a more robust approach than truncating ¢\(A) at relatively
large pruning areas.

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

Data availability

The river network used to derive the Italian, American and global
datasets is available via figshare at https://doi.org/10.6084/m9.
figshare.14633022 (ref. 56). Data used to carry out these analyses are
available at https://researchdata.cab.unipd.it/id/eprint/1539 (ref.57).
This repository contains both the data collected for the study catch-
ments and the shapefiles used to extract the river networks of Italy
and the eastern USA.

Code availability

Geospatial analyses were performed using ESRI ArcGIS Pro (version
3.3.0) and the MATLAB programming language (version R2024a), while
figures were prepared using Adobe Illustrator CC 2015. The MATLAB
codes are publicly available at https://researchdata.cab.unipd.it/id/
eprint/1538 (ref. 57).
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