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Hierarchical climate-driven
dynamics of the active channel
length in temporary streams
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Kevin McGuire3, Giuseppe Mendicino? & Nicola Durighetto?!

Looking across a landscape, river networks appear deceptively static. However, flowing streams
expand and contract following ever-changing hydrological conditions of the surrounding environment.
Despite the ecological and biogeochemical value of rivers with discontinuous flow, deciphering

the temporary nature of streams and quantifying their extent remains challenging. Using a unique
observational dataset spanning diverse geomorphoclimatic settings, we demonstrate the existence
of a general hierarchical structuring of river network dynamics. Specifically, temporary stream
activation follows a fixed and repeatable sequence, in which the least persistent sections activate
only when the most persistent ones are already flowing. This hierarchical phenomenon not only
facilitates monitoring activities, but enables the development of a general mathematical framework
that elucidates how climate drives temporal variations in the active stream length. As the climate gets
drier, the average fraction of the flowing network decreases while its relative variability increases. Our
study provides a novel conceptual basis for characterizing temporary streams and quantifying their
ecological and biogeochemical impacts.

River networks shape the Earth landscape transporting water and sediments from the uplands to the sea, and
provide a number of invaluable ecosystem services [e.g.]"% For decades, the spatial organization of streams has
stimulated scientific debate around observed morphological and ecological patterns in river basins. At fine scales,
the location of the channel heads has been the focus of pioneering work®* that fuelled an array of methodologies
for the analysis of Digital Terrain Maps; at larger spatial scales, theoretical investigations examined origins and
implications of the branching shape of river networks and their fractal nature>-'°. Recently, the temporal dimen-
sion of river networks has been recognized as a core issue not only over geological timescales typical of landscape
evolution models, but also during individual years or seasons, within which river segments may temporarily
cease to flow [e.g.]'!"%. This empirical evidence has shown that the active portion of channel networks experi-
ences a continuous sequence of expansion and contraction cycles driven by precipitation. Temporary streams,
here defined as fluvial systems that periodically cease to flow, are observed in a wide range of climatic settings
and represent an important fraction of global rivers'"!*. The study of active stream dynamics is pivotal not only
to characterize spatial patterns of hydrologic regimes but also to understand the influence of flow intermittency
on e.g. ecological dispersion, in-stream processes, hyporheic exchange and nutrient spiraling'>-2°.

Growing empirical efforts in monitoring network dynamics have also provided enhanced insight into the
underlying driving processes. In particular, recent work has suggested that the transitions between dry and wet
channels are governed by the local imbalance between the capacity to transmit flow in the subsurface and the
seepage flow delivered from upslope—usually conceived as proportional to the local contributing area'>?!. As the
local transmissivity and the contributing area may be durable features of a landscape, this conceptual scheme may
also suggest the existence of a hierarchy in the activation of different branches of temporary streams as a function
of the underlying catchment wetness. However, the activation order of different reaches of a dynamic stream
network has never been quantitatively explored in the literature, and the potential implications for the dynamics
of the active drainage density under diverse hydroclimatic conditions have not been disclosed. Furthermore, a
comparative analysis of stream length variability across different climatic regimes is lacking.
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Here a combination of theoretical analysis and empirical observations is used to address the following
questions:

e [s there a mathematical relationship between the activation or deactivation order of different reaches of
a dynamic network and the corresponding degree of flow persistency of those reaches? And what are the
implications in terms of network spatial correlation and temporal changes of active length?

® Can we identify constraints in the temporal variations of the active drainage density that incorporate the
complex effect of climate?

Due to the unique contribution of temporary streams to biodiversity and nutrient cycling [e.g.]**?, these issues
are becoming urgent for identifying sustainable water management strategies and assessing the full ecological
and biogeochemical function of drainage networks!*4-26,

The basic hypothesis of this work is that the local persistency of different river stretches of a stream network
(i.e. the percentage of time during which water is flowing over different locations of a watercourse) defines
their activation and deactivation order during individual storm events and across seasons. We also postulate
that the mean persistency of the entire network represents the primary link between the temporal variability
of active stream length and the underlying climatic drivers. While intuitive, these hypotheses have never been
formally assessed in the existing literature and—most importantly—their implications in terms of active length
dynamics have not been disclosed. Here, the proposed research hypotheses were tested analyzing seasonal (or
annual) event-based dynamics of the active network in 19 European and North-American catchments (Fig. 1a),
encompassing a broad range of climatic conditions, land-cover, drainage areas and geology.

Hierarchical activation of temporary streams

For each study site, flow presence maps representing the observed active network on different dates were pro-
duced using multi-month field mapping campaigns (with a mean frequency of two weeks) or water presence
sensors (with a sub-hourly resolution). These maps were converted into sets of geo-referenced nodes with binary
states (wet/dry), and the local persistency of each node (P;) was calculated as the relative fraction of data indi-
cating the presence of flowing water in that location. Afterwards, each flow presence map was compared with
the outcome of a hierarchical model in which the network nodes were switched on from the most to the least
persistent, until the total number of nodes observed as active during the corresponding survey was reached
(Methods). Regardless of the underlying climatic and geologic complexity, the accuracy of the hierarchical model
(here defined as the relative number of nodes properly classified as wet or dry throughout a river network during
all the surveys) typically exceeded 99% (Fig. 1b), with a minimum accuracy around 95% for two European rivers,
the Attert and the Valfredda (Fig. 1c). The average accuracy is very high, and much higher than the accuracy of
arandom model that assigns the status of each node at random independently on the status of the other nodes
but consistently with the local persistency, which is 0.79 & 0.075% for our selection of case studies (SI). Thus, our
observations suggest that the most persistent nodes were generally the first to activate during individual rainfall
events and the last to dry-out during the subsequent recessions. The less persistent nodes, instead, were mostly
switched on only in response to the most significant rain events and when all the nodes with a higher persistency
were already active. This behaviour is aligned with that foreseen by the conceptual model proposed by'*?!, based
on a set of physical assumptions which are not required by the purely statistical approach developed in this paper.

The most common exceptions to the hierarchical behaviour observed in our set of case studies were the fol-
lowing: (1) nodes with a relatively low persitency that activate in the early stage of a rain event (Poverty Creek);
(2) lack of symmetry in the rate and/or the direction of wetting and drying processes (Valfredda, Turbolo);
(3) inter-event shifts in the wetting mechanism (e.g. from the downstream propagation of a saturation front
induced by intense events taking place after dry periods to the upstream expansion of saturated areas around
the permanent network, as observed in the Valfredda). In spite of this complexity, the hierarchical phenomenon
was dominant across the full range of climatic conditions, temporal resolutions and spatial scales explored in the
paper. In particular, the hierarchical activation rule applied also to disconnected river networks, where the nodes
with the same persistency are not necessarily adjacent because of local discontinuities of landscape and geology
(see Fig. 1c). This means that the hierarchical phenomenon is much more than a simple upstream/downstream
propagation of a saturation front along the network'?. In particular, our results indicate that stream sections
potentially quite distant in the physical space (up to tens or hundreds of kilometers) might share the same average
degree of persistency and exhibit systematically synchronous dynamics. Furthermore, the hierarchical scheme
held also within catchments as large as several hundreds of km? (the Attert and the Seugne). These basins are
characterized by significant internal landscape and climatic gradients that are potentially responsible for the
unsystematic, selective activation of limited and specific portions of the river network. The ability of the hierar-
chical model to describe active stream dynamics in these larger river basins indicates that meso-scale channel
network dynamics maximize the spatial correlation of the nodes’ states (see Methods) and reflect a homogeneous
signal, such as the total catchment storage, driven by mid-range antecedent precipitation (e.g. weekly to monthly
rainfall, see””). Interestingly, the spatial homogeneity of the hydrological signal underpinning the hierarchical
dynamics of temporary streams promotes the synchronization of node status within a channel network, regard-
less of the observed complex patterns of local persistency produced by spatially heterogeneous physiographic
and morphometric features (see Fig. 1c and?).

The results shown in Fig. 1 bear important practical and theoretical implications. For instance, the hierarchical
behaviour of temporary streams can streamline empirical surveys of river network dynamics, with beneficial con-
sequences on the ability to characterize spatiotemporal patterns of flow persistency?*’. In perfectly hierarchical
networks, the adoption of ad-hoc monitoring strategies that exploit information available from previous surveys
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Figure 1. Study sites and performance of the hierarchical model, in which the activation (deactivation) of

the nodes follows a strictly decreasing (increasing) order of persistency. (a) Geographical location of the study
catchments across Europe and eastern USA. The number of case studies for each location is indicated within
round brackets only when this number is larger than one. Map generated with Arcgis Pro 2.7.1 (www.arcgis.
com). The histogram in (b) represents the relative frequency of the accuracy of the hierarchical model (relative
number of nodes properly classified as wet or dry by the hierarchical model) for all the study catchments. The
maps in (c) show spatial patterns of local persistency and local accuracy of the hierarchical model in the best
and the worst cases (respectively South Fork of Potts Creek, USA and Valfredda Creek, Italy). Analogous maps
for all the study sites are reported in Figures S2 and S5 of the Supplementary Information. For comparison, the
corresponding maps of local accuracy obtained from the random model are represented in Figure S6.

can reduce the number of nodes to monitor during a long-term field campaign with at least 10 surveys by 40 to
75%, depending on the exact number of surveys and the mean network persistency (Supplementary Informa-
tion). Although several initial surveys that include most of the network are needed to establish the hierarchy
among the nodes, the saving in terms of number of surveys becomes particularly significant when the number
of surveys exceeds 20—as typically needed to capture event-based variations of the active length, see Table 1
in®!. This indicates that the hierarchical nature of stream dynamics could significantly facilitate the observational
mapping of flowing streams in a broad range of settings, especially in large river basins. Furthermore, the exist-
ence of a fixed hierarchical order in the expansion and retraction of temporary rivers allows the identification of
a one-to-one relationship between the total length of flowing streams and the spatial distribution of active nodes
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in the network, if a spatial map of the local persistency is known e.g. based on multiple field surveys. This could
help the reconstruction and the modeling of channel network dynamics, especially in cases where active length
statistics can be indirectly inferred from rainfall and/or discharge observations'>?"*32,

Quantifying the mean active drainage density and its temporal variations

The observed hierarchical behaviour of river networks enabled the derivation of novel theoretical results that
advance our ability to predict the dynamics of flowing channels in temporary streams. In hierarchical networks,
in fact, active channel length statistics can be expressed analytically in terms of the mean network persistency,
unveiling the complex linkage between climate and stream dynamics.

A river network was described by N nodes with a random binary state (wet/dry). The status of each node
represents the hydrologic conditions of the portion of network that is associated to that specific node. To avoid
the issue of identifying the status of a link connecting two neighbouring nodes with different states (wet/dry),
the reach associated to the node i (i € (1, N)) is not a link with one of the adjacent nodes but rather a stretch
embedding the node i (Methods). Shifts in the status of the nodes produce changes in the flowing stream length,
which are here characterized by the temporal variations of the active drainage density, D (defined as the active
stream length normalized with the corresponding catchment area,*). In this framework, the average drainage
density, D, can be expressed as (Methods):

D = PD;, (1)

where P is the mean node persistency throughout the entire network (P = Zil P;/N in case of equally spaced
nodes) and Dy is the potential geomorphic drainage density, that corresponds to the simultaneous activation
of all the N nodes in the channelized network, including streams that are typically dry but excluding what is
out of the geomorphically obvious channel features and the hillslopes (where surface flow could be temporarily
observed). When the activation of the nodes is hierarchical, the temporal coefficient of variation of the active
drainage density, CVp (that also corresponds to the temporal coefficient of variation of the active network length,

CV1) can be written as (Methods):
P(1—P)+ AP
o mcy, - PAZDEEE ®

where the term AP = 2/N? - 5\’:1 i(P; — P) < Orepresents a weighted spatial average of the persistency devia-

tions around the mean. Thus, AP reflects spatial variation of persistency likely induced by patterns of geologic

and morphometric attributes in the channel network or landscape.

Equation (2) allows for the identification of two distinct contributions to the temporal changes of the drain-
age density: a positive contribution proportional to P(1 — P), determined by the mean persistency of the whole
stream network, and a negative contribution proportional to AP, that depends on the internal spatial variability
of P. Thus, an upper limit for the coefficient of variation of the active drainage density can be identified by set-
ting AP = 0in Eq. (2):

1-P
CVIax = Vs = — (3)

Equation (3) corresponds to the theoretical coeflicient of variation of a homogeneous network made up of
synchronous nodes sharing the same persistency (P). In realistic cases, instead, the actual value of CVp is influ-
enced by the spatial variations of the local persistency. Enhanced internal geological, landscape and hydrological
heterogeneities entail the spatial changes of flow persistence and increase | AP|, thereby reducing the variability
of the active length. An emblematic example of this trend is represented by the catchments H, (Hubbard Brook,
USA) and V; (Valfredda, Italian Alps). These are two case studies with a different degree of landscape heteroge-
neity that share the same mean persistency (P =~ 0.6). As predicted by Eq. (2), the observed value of CVp in V7,
whose contributing catchment is characterized by five distinct lithological types and four diverse land uses?, is
approximately 40% lower than that of H», where vegetation and geology are more homogeneous in comparison?.

To describe the influence of the spatial variability of the local persistency on CVp, we developed an analytical
model, in which a one-parameter beta probability density function was used to represent the heterogeneity of
the persistency among the different nodes in the network. This led to the following equation for CVp (Methods):

[ (1= P)?

Differently from Egs. (3), (4) accounts for the statistical distribution of flow intermittency within the river
network. The resulting expression for CVp, however, only depends on the mean network persistency because
the term AP of Eq. (2) was in turn expressed as a function of P. The existence of a general link between AP and
P should not be surprising, since in perennial (or persistently dry) rivers all the nodes necessarily exhibit very
similar persistencies—thereby implying that AP =~ 0 for very high or very low values of P.

The theoretical relationships between the statistics of the dynamic drainage density and the mean network
persistency were tested using active length data derived from field surveys in our case studies (Fig. 2). As
expected, the mean network persistency P well approximates the temporal average of the active drainage density
normalized by the geomorphic drainage density, as implied by Eq. (1) (Fig. 2a). The 1:1 relationship between
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Figure 2. Climatic controls on the active drainage density. (a) mean drainage density scaled to the geomorphic drainage
density as a function of the mean network persistency, P; (b) coefficient of variation of the drainage density as a function

of the mean network persistency P. Also shown here are the maximum theoretical limit for CVp (Eq. (3)) and the value of
CVp predicted by the hierarchical beta-model (Eq. (4)); (c) the correlation between mean network persistency and effective
precipitation (total precipitation minus potential evapotranspiration ET) during the period when the active network was
surveyed (average monthly value among all the months during which at least one field survey was performed). Points with a
lighter gray border represent cases in which the surveys are not evenly distributed within the study period (Hubbard Brook
and Fernow) as the median time between all the possible pairs of survey dates, T, was smaller than 15 days. P3 was not
included in this plot because of the lack of reliable precipitation data.
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the spatial average of the mean percentage of time during which a node is active and the temporal average of the
normalized mean active length is implied by the linearity of the average operation. Because a 1:1 relationship
between P and D/Dy is obtained regardless of the specific activation order that underlies the network dynamics,
Fig. 2a should not be interpreted as a validation of the hierarchical scheme. The scattering of the points is only
due to the fact that the geomorphic drainage density was calculated independently from the number of network
surveys based on geomorphic signatures of the landscape (SI). Available data also confirm that the magnitude
of CVp is modulated by the mean network persistency across the entire set of study catchments, with higher
values of CVp and an enhanced sensitivity to P for low network persistencies (Fig. 2b). Remarkably, the analytical
model given by Eq. (4) captures the observed network length variability across the full set of study catchments
(R? = 0.97), proving that the temporal variation of active streams are in fact linked to the mean persistency of the
river network. All the experimental points obey to the inequality CVp < CV[}'**, indicating that the observed
temporal dynamics of active stream length are properly constrained by the theoretical limit given by Eq. (3). This
finite universal limit of the active length standard deviation derives from the contrasting patterns of CV%*(P)
and D(P) shown in Fig. 2 (Supplementary Information). The relatively small distance of the experimental points
from the theoretical limit given by Eq. (3) suggests that the total active stream length is about as dynamic as it
can possibly be (i.e., the CV of network length or drainage density is not far from its maximum possible value).
Active stream dynamics and temporarily-dry channels are known to modify the distribution of catchment
travel times owing to changes in the length of channel and hillslope flowpaths*”*, thereby affecting important
biogeochemical and ecological properties of rivers across a broad range of hydroclimatic settings?>**-*’. Thus,
temporal variations of the active channel length should be properly taken into account in regional assessments
of biogeochemical function of river networks, such as CO; outgassing and nutrient spiraling®®-*

Other relevant implications of our results stem from the identification of the major physical determinants of
the mean network persistency. Surface flow is the byproduct of the excess water drained by the upstream con-
tributing catchment, as proposed by'#?!. Thus, in line with these previous studies, we hypothesize that the mean
network persistency represents an important climatic signature of river basins. Accordingly, P, which was poorly
correlated with drainage basin areas (R?> < 0.01), was found to be strongly linked to the underlying climatic water
balance, here represented by the effective precipitation, P; — ET (i.e., total precipitation minus the potential
evapotranspiration during the surveyed periods), as shown by Fig. 2¢c. Despite the high correlation between
effective precipitation and persistency (overall R? = 0.79), some scattering appears in the observational data.
This scatter is attributed to two factors: (1) relevant inter-catchment differences of geological or morphometric
features, as suggested by*"*’; and (2) an uneven distribution of the survey dates that might bias the relationship
between the observed mean network persistency and the average climatic conditions during the study period
for some catchments (light grey dots in Fig. 2c). Nevertheless, we found a clear climatic signature with drainage
density statistics: lower mean network persistencies and enhanced relative active length variability were observed
in the drier catchments (with CVp > 1.5 for P; — ET < 40mm/month, as in the Turbolo site). Conversely, in
the wettest site (Coweeta, where Py — ET > 160mm/month), the mean network persistency approached unity
and network dynamics are smoothed, with CVp — 0. This result offers novel insight on the impact of climate
on the active stream length variability*, and nicely complements existing modeling and empirical approaches
for the characterization of the spatial patterns of flow persistency across a landscape®'***° . Therefore, we believe
that the proposed framework can provide useful insight into the impact of climate on the temporal changes of
the active drainage density.

Implications for large-scale studies

Several studies have investigated the impact of rainfall regimes on the geomorphic drainage density, Dy
However, the influence of hydroclimatic drivers on the active fraction of the network is not fully understood.
Notwithstanding the variability of Dy across the study catchments (attributed to their geological diversity), our
results confirm that the extent of active channel length is linked to the amount of excess precipitation in the
contributing catchment, as previously proposed in the literature'*!. This suggests the emergence of distinctive
ecohydrological patterns within different climatic regions of the world. The largest temporal variations in the
active stream length were found in the sites characterized by intermediate climates (i.e., 40 < Py — ET < 100
mm/month and 0.4 < P < 0.6), where the standard deviation of the active length and the geomorphic drainage
density are concurrently higher (Fig. 3). Crucially, for intermediate values of P; — ET both the overall dynamic
channel length and its internal heterogeneity are enhanced. In these settings, in fact, the observed local persis-
tencies ranged from 0 to 1 (Supplementary Information) revealing the presence of multiple expansion/contrac-
tion cycles that operate with diverse frequencies, from individual storms to seasons. This behaviour generates a
gradient of spatially heterogeneous habitats, from predominantly terrestrial to lentic, widening the spectrum of
adaptation strategies and increasing biodiversity*. In the driest site (Turbolo), the relative variability of D is much
higher than in all other settings (Fig. 2b), as almost the entire network is dynamic. However, the mean active
length is typically reduced because of the predominance of dry reaches experiencing episodic activation. The
lower persistencies induced by limited water availability entail shorter dynamical lengths of streams, regardless
of the pronounced temporal changes of flow conditions experienced by dry rivers™. The ability of our analytical
framework to quantitatively describe this wide spectrum of behaviours suggests the general applicability of the
proposed approach within large-scale studies and makes it a sound basis for developing more specific numerical
tools aimed at interpreting or predicting channel network dynamics.

Our analysis elucidates the major implications of the observed hierarchical behaviour of temporary streams
on the spatial statistics of the node states and the temporal dynamics of the flowing length. In particular, temporal
changes of the active drainage density are linked to the catchment water balance through the mean persistency
of the whole network, whereas observed spatial patterns of flowing streams maximize the spatial correlation of
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Figure 3. Dependence of key drainage density statistics on the mean network persistency, P; the following statistics are
shown in the three panels: (a) the standard deviation of the dynamic drainage density, dev(D), scaled to the geomorphic
drainage density, Dg; (b) the geomorphic drainage density; (c) the standard deviation of the active drainage density, that is
proportional to the standard deviation of the active length through the contributing area. In panel (a) we show a comparison
between observed values of Dev(D) /Dg (dots) and the corresponding theoretical prediction of the analytical model as
derived from Egs. (1) and (4) for all the case studies where active lengths were monitored; in panels (b,c) the box-plots
represent the first, second and third quartiles of observed data (solid lines) aggregated for different persistency ranges (as
indicated by the dashed lines). The average is shown as a dotted line, while the full range is represented by whiskers.
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the node states (wet vs. dry). The internal heterogeneity of the node persistency, though reflecting landscape
complexity, is also modulated by climate and proves to be particularly enhanced under intermediate climatic
conditions, leading to larger dynamical channel lengths in these settings. Furthermore, our study indicates that,
because changes in wetness are generally synchronized, stream networks tend to be highly dynamic (i.e., they
are nearly as dynamic as they can possibly be). Consequently, temporal variations of the active stream length
and their climatic controls should be properly taken into account for accurate regional or global assessment of
biogeochemical and ecological function of stream networks, particularly with changing climate.

Methods

Statistical moments of active length and drainage density

A river network is here represented as a sequence of N connected nodes, where the status of the node i (i € (1,N))
identifies the hydrologic conditions within a stretch of stream length Al;. Without loss of generality, here the
reach associated to the node i is not the link with one of the adjacent nodes but rather a stretch that embeds
the node i. Accordingly, its length Al; is given by the sum of the semi-distances between the node i and all the
connected neighbouring nodes. The status of each node corresponds to the status of the associated stretch and
is represented by a binary random variable X;, with X; = 1if the node experlences flowing water and X; = 0
otherwise. Thus, the active network length can be expressed as: L = Zl 1 Al; X;. If, without loss of generality,
we assume Al; = Al = const (i.e., equally spaced nodes), the mean active length can be calculated as:

L=E[L]=N Al E[X] = Lya P, (5)

where E[—] denotes expectation, P is the mean network persistence and Ly, = N Al is the geomorphic length
(i.e. the maximum length of the network). Equation (5) and the Hortonian definition of drainage density,
D = L/A (A =catchment area) are then used to derive Eq. (1) in the main text (see Supplementary Information).

In this framework, the variance of the active length, Var(L), is linked to the covariances Cov(X;, X;) between
the status of all the pairs of nodes as:

N N
Var(L) = AI? Z Z Cov(X;, X)) - (6)

i=1 j=1

Under the assumption of hierarchical activation of the nodes™, the covariance between X; and X; only depends
on the persistency of the nodes i and j:
Pi(1— Py if Pi > P;
. X)) = LX) = J ! 4 J
Cov(X;, X;j) = Cov(X;, X;) = {Pi(l — Pj) otherwise 7
Without loss of generality, we enumerate the nodes in a way such that P; > P; whenever i < j. Combining
Egs. (6) and (7), Var(L) can be thus expressed as (Supplementary Information):

N i—1
Var(L) = AP ZP(I P)+2> > Pi(1—P)
i=2 j=1 (8)
~I2 [Pa — B+ ANP} ,

which leads to Eq. (2) in the main text. If the local persistency is uniform (P; = P), then AP = 0 in Eq. (8);
under these circumstances, combining Egs. (8) and (5) we obtain the upper theoretical limit for the coefficient
of variation of the drainage density (and of the active length) expressed by Eq. (3). This limit also holds for non-
hierarchical networks, since any departure from the hierarchical behavior would further decrease the observed
CVy and CVp (see below).

Empirical data suggest that the local persistency along a network can be in most cases represented by a beta
distribution with the first shape parameter equal to 1. Under this assumption, the term AP in Eq. (8) reads
(Supplementary Information):

ap= 20D 9)
2—-P

and combining Egs. (9) and (2), CVp takes the form shown in Eq. (4) of the main text.

The hierarchical activation scheme maximizes the spatial correlations and the temporal vari-
ability of L. In the general case, the covariance between X; and X; can be expressed as (Supplementary
Information):

Cov(X;, Xj) = Pi(1 — P}) — Por , (10)

where P;, P; are, respectively, the marginal probabilities that the nodes i and j are active (i.e. the persistency of
the nodes i and j) and Pg; = Prob[X; = 0 and X; = 1]is the joint probability that, at a given time, the node i is
dry and the node j is active. As the covariance is symmetrical, without loss of generality let us assume P; > P;.
For hierarchical networks, the less persistent node (j) can be active only if the more persistent node (i) is active.
This implies Py; = 0in Eq. (10), thereby leading to the maximization of Cov(X;, X;) V (i, j). Thus, for a given set of
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local persistencies, the hierarchical behaviour maximizes the covariance and the spatial correlation of the states
of each pair of nodes. This implies that the mean spatial correlation within the entire network is maximized.
Consequently, when the node activation in a temporary stream is hierarchical, the variance of the active length
(and that of the drainage density) is maximized, as per Eq. (6).

Study catchments and empirical data. Our empirical dataset refers to 19 different catchments in
Europe and USA, spanning a wide range of latitudes, climates, land covers, geologies and sizes (see Fig. 1 and
Supplementary Information). This selection includes most of the monitoring sites where observational data
on the temporal changes of the active network length are available for more than one season with an average
resolution exceeding one survey per month. In the USA, 12 catchments (indicated with the capital letters P, H,
Fand Cin Fig. 2 and in the main text) were selected that cover 4 different physiographic provinces of the Appa-
lachian Highlands with different bedrock types and structure. The mean annual precipitation is between 1000
and 1800 mm, with catchment areas ranging between 12 and 70 ha. Maps of the flowing network were obtained
from visual inspection during 7 surveys in 2015-2016%. In northern Italy, the Valfredda catchment (labelled as
V) has been monitored 9 times during the summer and fall of 2018. This catchment has an area of 5.3 km? and
highly variable geology consisting of morains, tallus slopes, and carbonate and siliciclastic bedrock. The climate
is alpine, with a mean annual precipitation of approximately 1500 mm?. In spite of the wet climate, the stream
network contains three reaches that are permanently disconnected to the outlet. This is the result of a strong
physiographic heterogeneity of the contributing catchment, which determine a local increase of the soil stor-
age capacity in the northern portion of the basin. Three additional catchments in southern Italy (labelled as T)
were also considered, with drainage areas of 67, 48 and 24 ha. Therein, the active network has been monitored
on average 38 times in 2019 and early 2020. Despite significant inter-catchment morphological heterogeneities,
these sites are all characterized by sandy-conglomerate formations and a fractured crystalline-metamorphic
bedrock. The climate of the region is Mediterranean, with a mean annual precipitation around 1300 mm and hot,
dry summers. The largest study catchments of this paper are the Attert (247 km?, Luxembourg) and the Seugne
(920 km?, western France), where available data quantify flow presence in a number of sparse nodes (182 for the
Attert and 40 for the Seugne). The Attert catchment, consisting of slate, marls, and sandstones, was monitored
using water presence sensors at sub-hourly temporal resolutions from 2013 to 2017. In this region, the climate
is characterized by mild summers and wet winters®? and the mean annual precipitation is 850 mm. The Seugne
catchment was monitored monthly via visual inspections from 2012 to 2020. The main geologic units of this
catchment include limestones, carbonates sedimentary rocks and sand, whereas the climate is Marine West
Coast, with a mean annual precipitation around 850 mm evenly distributed throughout the year. The data of
the Attert and the Seugne were used only for the validation of the hierarchical model because the active lengths
were not monitored.

Calculation of relevant hydrologic and climatic indexes. For each case study where active stream
maps were avallable, the network was represented by a large number of equally spaced nodes (on average 1250
nodes per km? of contributing area), that were assumed as representative of the hydrological status of a homoge-
neous reach in between two or more connected nodes. The nodes were designed to represent the full geometry
of the geomorphic network, here defined as the maximum possible extension of the stream network. While
there are small differences across the study sites in the procedure used to estimate the geomorphic network, in
all cases the latter was obtained from field surveys and included the sites that were dry during the surveys but
showed clear evidence of channelization. For each field survey, the active length was calculated as the sum of
the individual lengths associated with all the active nodes in the network. Then, for each catchment, the sample
mean and variance of L were used to estimate L and var(L). The local persistency of node i, P; was calculated as
the fraction of times in which that node was observed as active during the surveys. Likewise, the mean network
persistency P was then computed as the spatial average of the local persistency P;. For each catchment, the time
between any possible pair of mapping dates was also calculated, and the median time 7,,, was estimated to assess
the potential bias introduced by an uneven distribution of the dates when active lengths were mapped. The cli-
matic water balance was analyzed for each case study, and the effective precipitation, P — ET, was calculated as
the difference between precipitation and potential evapotranspiration (Supplementary Information).

Accuracy of the hierarchical model .  The hierarchical model assumes that the activation of the nodes
follows a descending persistency order. This implies that, at any given time, there exists a persistency threshold
P*that allows a separation between the dry nodes (P < P*) and the wet nodes (P > P*). Accordingly, hierarchi-
cal active networks were constructed assuming that, at any given time ¢, each node was active if and only if its
local persistency was bigger than a suitable, time-dependent threshold P*(t). For each field survey, P* was calcu-
lated as the exceedance probability of the corresponding observed number of active nodes. To compare observed
and hierarchical active networks, a confusion matrix was computed for each node of each study catchment. The
modeled and observed states of each node within all the field surveys were then compared. The spatially and
temporally averaged accuracy of the hierarchical model was then calculated as

TP+ TN

A =
CUrAY = b L IN + FP + EN

(11)

where TP, TN, FP and FN indicate, respectively, the true positives (i.e. the number of nodes and times for which
the status of a node is correctly modeled as active), the true negatives, the false positives and the false negatives.
An accuracy of 100% means that the hierarchical model was able to correctly model the status of all the nodes in
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the network during all the field surveys. The local accuracy shown in the insets of Fig. 1b was defined analogously,
the only difference being that it refers to a single node, instead of the whole network.

Data availability

The network monitoring data analyzed in this study is publicly available at>. All the data about the Attert catch-
ment can be found in**. Data about the Seugne catchment is part of the ONDE dataset™. Additional information
about the catchments can also be found in the Supplementary Information.
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1 Supplementary Methods, Figures and Tables

1.1 Study catchments

The empirical dataset used in the paper comprises different experimental sites
in Europe and USA. A summary description of each study site is reported be-
low. Tables S1 reports key information about the field surveys performed in each
study catchment. The long term climatic, hydrological and geo-lithological char-
acteristics of the sites are reported in tables S2 and S3. Table S4 contains all the
data relative to the study periods, as shown in Figures 2 and 3 of the main text..

Valfredda - The Valfredda catchment is located in the southern side of the
Alps, in northern Italy. It has a contributing area of 5.3 km? and its altitudes
range between 1500 and 3000 ma.s.l., with steep slopes. The geomorphic net-
work is 16.8 km long, corresponding to a geomorphic drainage density D, of 3.16
km~!. The geology and the physiography of the catchment are quite heteroge-
neous as reflected by the spatial variability of the local persistency throughout
the network. Deposits of gravel and rocky debris dominate the upper part of the
catchment, generating temporary channels with low persistency. In the lower
part of the catchment, instead, the bedrock is covered by a vegetated soil layer.
therein, the drainage density is higher and the streams are more persistent and
dynamic. Conversely, in the central-eastern part of the catchment, the dolomite
bedrock is exposed, generating dynamical streams with high slopes and a low
persistency. The catchment experiences a typical alpine climate, with a mean
annual precipitation of approximately 1500 mm. The summers are short and
wet, with high rainfall frequencies, while the winters are long, cold and domi-
nated by snow input. The active portion of the river network has been surveyed
14 times from July 2018 to May 2019; from Dec 2018 to may 2019, the network
remained almost steady due to the winter freezing. The analysis of the available



data has been performed during the whole survey period (V7 ) and then focussing
only on the summer and fall seasons, that represent the period during which the
network is more dynamic (July-Nov 2018, V5). For more detailed information
about the Valfredda catchment the reader is referred to [28].

Turbolo - The Turbolo creek is a small river located in southern Italy,
where the climate is Mediterranean with hot summers; its drainage area is ap-
proximately 7 km? at the outlet of Fitterizzi, with elevations ranging between
183 and 1005 ma.s.l.. The empirical data used in this study refers to two sub-
basins in the northern part of the catchment, with contributing areas of 0.67
and 0.48 km? (catchments Ty and T3, respectively). A third catchment (7%),
nested into 77, has also been identified to capture the effects of the internal
heterogeneity of geology and land cover in the study area. The 75 catchment
drains an area of 0.23 km? only. The Mediterranean climate of the area consists
in hot and dry summers with wet, mild winters. The annual precipitation is
approximately 1200 mm, but due to high evapotranspiration rates a complete
dry-down of the network is observed during the summer. The T catchments
are dominated by silty marly clays with low permeability, that generate (jointly
with the aridity of climate) streams with very low persistency. The geomorphic
drainage densities in this site range between 2.8 and 5.6 km2. The upper part
of T is composed by sandy-conglomerate formations, in which the higher per-
meability produce a relative increase in the persistency of the stream network.
The catchments 77 and 75 have been monitored for 35 times from April 2019 to
January 2020, while T3 was monitored for 42 times from May 2019 to January
2020.

Hubbard Brook - Three US catchments considered in this study pertain to
the Hubbard Brook Experimental Forest of New Hampshire (New England). In
the paper, they have been identified as Hy, Ho and Hj, and their contributing
areas are 0.14, 0.25 and 0.42 km?, respectively. The mean altitude of these
catchments ranges between 630 and 740 ma.s.l., with average slopes of 28%.
The stream networks of these catchments are the densest of our dataset, with
geomorphic drainage densities of 12.5, 14.5 and 8.9 km™!, respectively. The
geology of the sites is mainly composed of shists and granulites, covered by a
mantle of sandy loams. The humid continental climate of the area provides
a mean annual precipitation of 1400 mm, with cold snowy winters and mild
summers. For each catchment, 7 visual monitoring of the active network have
been carried out in June and July 2015, spanning a wide range of hydroclimatic
conditions. More information on this catchments is available in [27].

Fernow - The Fernow Experimental Forest is located in the Appalachian
Plateau of West Virginia (USA). In this site, three study catchments (Fy, F, F3)
have been selected, with drainage areas of 0.14, 0.16 and 0.37 km?, respectively.
These catchments have a mean altitude of approximately 800 ma.s.l., with
slopes around 30%. Field observations revealed geomorphic drainage densities
of 2.9 km~! with local persistencies varying in the full range between 0 and 1.
The bedrock is composed of shales and sandstones, with a soil cover consisting
mainly of silt loams. The average annual precipitation is approximately 1450
mm, with rainy summers and mite winters. Snowfalls are common but usually



limited and isolated. From May to December 2016 a total of 7 field surveys per
catchment were carried out. More information on this study site can be found
in [27].

Potts and Poverty - Three study catchments are located in the Valley and
Ridge physiographic provinces of Virginia (USA). Two of them (P; and P») are
part of the Poverty Creek, while the third (Ps) belongs to the South Fork Potts
Creek, 25 km northern of P; and P,. These catchments have a contributing area
of 0.25, 0.35 and 0.73 km?, respectively. P; and P, have and average elevation
of 750 ma.s.l., a mean slope of 33% and a geomorphic drainage density of
7 km~!. The Potts Creek catchment, instead, has a higher elevation (1030
ma.s.l.) and gentler slopes (27%). Its geomorphic drainage density is 2.9 km 1.
Bedrocks are mainly composed by standstones in all the catchments, whereas
shales and siltstones can be found in the P, and P, sites. The average annual
precipitation in the area is close to 1000 mm, remarkably lower than all the other
USA catchments considered in this study (and comparable with the T sites in
southern Italy). Unlike the Turbolo Creek, however, the drainage networks do
not experience summer dry down due to the lower evapotranspiration rates. The
active network in these catchment has been monitored by visual inspection 7
times between September 2015 and March 2016. More information about these
study sites can be found in [27].

Coweeta - The Cq, Cy and C3 catchments are located in the Coweeta Hy-
drologic Laboratory, North Carolina (USA). They are the highest and steepest
USA sites considered in this study, with mean elevations between 800 and 1100
ma.s.l. and slopes of about 50%. These sites have areas of 0.12, 0.33 and 0.40
km?, respectively, and drainage densities ranging between 3.6 and 6.2 km~!.
The catchments lie on the Southern Blue Ridge Mountains, which mainly con-
sist of exposed metamorphic rock (biotite gneiss and amphibolite). The climate
is generally warm and humid, with temperatures above 0°C' all year round. The
precipitation is greatest in winter and early spring, with an average annual pre-
cipitation of about 1800 mm. The field campaign for detecting the active stream
network in these sites were carried out from November 2015 to December 2016,
and consisted in 7 field surveys for each catchment. More information about
these study sites can be found in [27].

Attert - The Attert catchment (cathcment code A) covers an area of 247
km? between Luxemburg and Belgium. The altitude ranges between 245 and
550 ma.s.l. and the geology is dominated by slate, marls and sandstone, while
lithology is driven by land use (mainly forest and agricolture). The climate is
characterized by wet winters and mild summers, with an average annual pre-
cipitation of 900 mm uniformly distributed troughout the year (58). Different
types of sensors were employed in this catchment (time-lapse photography, con-
ductivity sensors and water level gauging stations) to monitor flow presence in
a set of 182 nodes along the network. These sensors recorded water presence
at a 30-minute time interval from 2013 to 2017. The sparse arrangement of the
sensors along the network didn’t allow a proper calculation of the active length.
Therefore this data was only used to validate the hypothesis of hierarchical acti-
vation of the stretches. Detailed information about this catchment can be found



in [56].

Seugne - The Seugne river is located in the Charente-Maritime département
in west France. The catchment (hereafter coded as S) has a contributing area of
920 km?, with elevations that span between 8 and 160 ma.s.l.. The geology is
composed of limestones, carbonates, sedimentary rocks and sand. The climate
is Marine West Coast. The active network was monitored in the catchment as
part of the Onde campaign. Visual inspection observations were employed de-
termine water presence in a set of 40 predetermined nodes, at a monthly interval
from 2012 to 2020. As for the Attert catchment, this data was only used for
validating the hierarchical hypothesis because the sparse monitoring points did
not allow the calculation of the active length. More information about the field
campaign can be found in (59).



Table S1: Characteristics of the field campaigns carried out for the monitoring of the active stream network and accuracy of
the hierarchical model.

Catchment
code
A
Cy
Cy
Cs
"
By
F3
H,y
H,
Hj3
P,
Py
Ps
S
T
T
T3
Wi
Va

Area,
[km?]
247
0.12
0.33
0.4
0.14
0.16
0.37
0.14
0.2
0.43
0.25
0.35
0.73
920
0.63
0.23
0.46
5.27
5.27

Survey type

ER sensors
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual
Visual

# of surveys

33770
7

ENIEN BEN SRS SRS SENEEN EENEEN PN RN

-
oo

35
35
42
14
9

Survey period

Aug-2015
Nov-2015
Nov-2015
Dec-2015
Jun-2016
May-2016
May-2016
Jun-2015
Jun-2015
Jun-2015
Sep-2015
Sep-2015
Aug-2015
Apr-2012
Apr-2019
Apr-2019
May-2019
Jul-2018
Jul-2018

Jul-2017
Dec-2016
Dec-2015
Dec-2016
Dec-2016
Dec-2016
Dec-2016
Jul-2015
Jul-2015
Jul-2015
Jan-2016
Dec-2015
Mar-2016
Oct-2019
Jan-2020
Jan-2020
Jan-2020
May-2019
Nov-2018

# of noeds

182
323
365
707
175
243
489
861
1429
2218
1045
1225
906
40
368
173
205
504
504

a If applicable, for gauged catchments at the experimental forests with a designated watershed number

Tm
[da
146
133
128
13
14
14
13
10
14
41
23
61
75
75
67
82
40

ys]

Accuracy

94%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
96%
99%
99%
99%
97%
96%

Reference
(watershed number?®)
Kaplan et al. 2019

Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.
Jensen et al.

2017 (WS 18)
2017 (WS 34)
2017 (WS 32)
2017 (WS 13)
2017 (WS 10)
2017 (WS 4)
2017 (WS 6)
2017
2017 (WS 3)
2017
2017
2017

ONDE Dataset,

This study
This study
This study
This study

Durighetto et al. 2020



Table S2: Summary of the main climatic and hydrological characteristics of the study catchments (NA = data not available).
Note that the mean climatic attributes reported here are long term averages and do not refer to the study period only.

Catchment Area Mea.n Mean 1\./I(?an . Mean‘ . Mean Runoff Aridity
code [ha] elevation temp:arature precipitation evapotranspiration streamflow coefficient index
[ma.s.l.] [°C] [mm/month] [mm /month] [mm/month]
A 24700 350 9.6 74.6 51.3 36.3 0.47 1.45
Ch 12 823 13.7 226.0 68.2 172.5 0.76 3.31
Cs 33 1019 13.8 229.7 77.8 160.5 0.70 2.95
Cs 40 1052 11.9 285.3 96.1 214.4 0.75 5.08
F 14 773 15.6 1441 83.0 58.1 0.40 1.74
Fy 16 767 15.6 144.9 86.4 40.4 0.28 1.68
F3 37 822 15.6 146.5 86.4 39.5 0.27 1.69
H, 14 690 16.2 163.7 104.2 87.2 0.53 1.57
H, 20 740 17.1 209.8 119.0 117.1 0.56 1.76
Hy 43 632 16.2 162.8 103.4 85.2 0.52 1.57
P 25 750 10.1 73.2 55.8 69.4 0.95 1.31
P 35 729 14.2 77.4 69.0 32.1 0.41 1.12
P 73 1029 NA NA 36.4 57.6 NA NA
S 91950 100 17.3 62.7 NA NA NA NA
T 63 263 17.2 87.8 109.5 47.6 0.54 0.80
Ts 23 250 17.2 87.8 109.5 47.6 0.54 0.80
Ts 46 358 17.6 88.3 112.9 48.9 0.55 0.78
%1 527 2250 7.6 152.7 47.8 86.4 0.57 3.19

Vs 527 2250 13.8 197.8 64.6 119.0 0.60 3.06



Catchment
code

A
Ch
Cs
C3
Iy
Fy
3
H,
Hy
Hj
Py
Py
P
S
T
T
T3
V1
Va

Table S3: Summary of the geology and soil use of the study catchments.

Mean

elevation Geology

[ma.s.l.]
350
823
1019
1052
773
767
822
690
740
632
750
729
1029
100
263
250
358

2250
2250

Marl, slate and sandstone
Gneiss

Gneiss

Gneiss

Shale rocks

Shale rocks

Shale rocks

Mudstone and shists
Mudstone and granite
Shists and mudstone
Shale rocks

Shale rocks

Sandstones

Limestones

Clays

Clays

Clays

Limestone and sandstone
Limestone and sandstone

Soil use

Annual crops, fruit trees and mixed forests
Deciduous forest

Deciduous forest

Deciduous forest

Deciduous forest

Deciduous forest

Deciduous forest

Deciduous forest

Evergreen and mixed forest

Evergreen and deciduous forest

Deciduous forest

Deciduous forest

Deciduous forest

Annual crops, fruit trees and deciduous forests
Annual crops and fruit trees

Annual crops and fruit trees

Annual crops and steady meadows

Natural pastures, coniferous forest and rocks
Natural pastures, coniferous forest and rocks

1.2 Local persistency of the study catchments

Figure S1 shows the frequency distribution of the local persistency of the nodes
within each study catchment (histograms). The plots also show as a solid line the
fitted Beta distribution (see equation (S11)). Furthermore, the corresponding
spatial maps of local persistency are represented in Figure S2.
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1.3 Climatic and morphologic features of the study catch-
ments

Figure S3 summarizes the main climatic and hydrological characteristics of the
study catchments reported in Table S2. The figures indicate that the study
catchments cover a wide range of climatic conditions in terms of mean precipi-
tation, evapotranspiration, aridity, temperature, catchment area and elevation.
Therefore, the dataset can be considered as representative of a broad range of
climatic and morphologic settings.

1.4 Methods underlying Figure 2c in the main text

Calculation of P, — ET

The effective precipitation P; — ET is used in this paper to quantify the
specific (per unit catchment area) catchment water availability. P, — ET is
calculated as the difference between the total precipitation and the potential
evapotranspiration temporally averaged over a suitable reference period. Specif-
ically, the reference period consists of the months during which the field surveys
for the network monitoring have been carried out. If a field survey was per-
formed in the first 8 days of the month, the month before the first survey of
the campaign has been included in the computation of P, — ET. For the Ital-
ian catchments, climatic data necessary for the calculation of P, — ET were
retrieved from the nearest Regional Environmental Protection Agency weather
station (the Falcade station of ARPAV for the V' catchment and the Fitter-
izzi station of ARPACAL fot the T' catchment). Precipitation and streamflow
data in the H, F' and C catchments, instead, were provided by the Hubbard
Brook Experimental Forest (60), the Fernow Experimental Forest (61) and the
Coweeta Hydrologic Laboratory (62) respectively. Data from the NOAA me-
terologic station USTVAMNO0025 were also used for the P; and P, catchments.
No precipitation data were available for P3 instead. Monthly potential evapo-
transpiration data for all the US catchments were provided by USGS (63). This
data were estimated at a 1 km spatial scale using the SSEBop model, start-
ing from climatic and morphological data (64). Instead, the Penman-Monteith
equation was used to estimate the potential evapotranspiration in the 7" and V'
catchments, based on available climatic data (65).

Calculation of 7,

The interarrival between any pair of field surveys is here defined as the time
elapsed between the dates of the corresponding surveys. For each study catch-
ment, the interarrival between each couple of survey dates has been calculated
(including all the couples of non-consecutive surveys). Then, the median in-
terarrival, 7,,,, has been computed to quantify to what extent a field campaign
was biased by the presence of several surveys concentrated in a relatively short
sub-period of the whole survey period (shown in Table S1). The median inter-
arrival was chosen instead of the average interarrival to reduce the effect of field
survey that were carried out many months later than all the other surveys. It
was found that if 7,,, is too small, the surveys reflect the hydrological conditions
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Figure S3: Representation of the study catchments in the Whittaker plot (mean annual temperature vs mean annual precipita-
tion, panel a). Also shown is the scatter plot of the mean evapotranspiration and the mean annual precipitation across all the
study sites (panel b). Panel ¢) shows box plots of the main climatic and morphologic characteristics of the study catchments.



observed during the months in which most of the surveys were performed and
not the average climatic conditions over the whole study period. Considering
that the mean frequency of the surveys is of the order of one survey per month,
in this study it was assumed that 7, must be greater than > 15 days to guaran-
tee that the active lengths observed in correspondence of the field surveys can
be properly linked to the average climatic conditions observed within all the
months during which at least one survey was performed. The calculated values
of 7, for all the study catchments are reported in Table S1.

1.5 Performance of the hierarchical model

The accuracy of the hierarchical model on each of the study networks is cal-
culated by means of equation (11) of the methods. Figure S5 shows the maps
of the local accuracy of the hierarchical model for each study catchment. The
Figures indicate that the local accuracy is close to 100% in most cases. The
average accuracy within each study catchment is reported in Table 1. In the
framework presented in this paper, the local persistency is calculated from em-
pirical observations. Given that node persistency dictates the fraction of time
for which a node is active, one could expect that a model in which each node is
randomly activated/deactivated through time in a way that is consistent with
the local persistency could have a positive accuracy. In fact, the accuracy of
such a random model for a node with persistency P; is P? + (1 — P;)?, leading
to a minimum accuracy of 50%. The accuracy of the hierarchical model was
thus compared to the accuracy of the random model for all the study catch-
ments. Figure S6 show the maps of local accuracy that would be obtained from
the random model. Figure S4 shows that the mean accuracy of the hierarchical
model (99+1.7%) is substantially higher than the accurcay of the random model
(79 £ 7.5%).
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Catchment
code

Group

T2
1 T3
T1
P2
P1
2 F2
H2
V1
F3
V2
P3
H1
H3
F1
C1
4 C3
C2

1.6 Drainage density statistics

The data underlying Figures 2 and 3 of the main text are reported in Table S4,
which reports the relevant drainage density statistics for the study catchments.
The table also provides information on how the catchments have been grouped
in the box and whiskers plots of Figure S3.

Table S4: Grouping of the study catchments and drainage density statistics

_ Mean
= Area D, D dev(D) = L Mean ET
km?] [km-1 [km-l [em-Y] D/Ps dev(D)/Dg 5;‘:3%32:; [y —Y

0.10 0.23 5.62 0.52 1.18 0.09 0.21 99.4 114.2
0.16 0.46 2.85 0.45 0.85 0.16 0.30 99.4 114.2
0.21 0.63 4.71 0.97 1.37 0.21 0.29 99.4 114.2
0.42 0.35 6.73 2.23 1.98 0.33 0.29 113.3 41.9
0.49 0.25 7.22 2.99 2.04 0.41 0.28 102.2 37.3
0.57 0.16 2.73 1.40 0.58 0.51 0.21 154.7 83.3
0.62 0.20 14.55 6.74 3.06 0.46 0.21 205.9 119.0
0.63 5.27 2.87 1.36 0.41 0.47 0.14 149.0 22.4
070 037 292 162 045 0.5 0.15 155.1 83.3
0.74 5.27 2.87 1.59 0.31 0.56 0.11 172.4 25.9
076 073 288 146 035 051 0.12 NA NA
0.80 0.14 12.54 8.62 1.51 0.69 0.12 198.5 73.0
0.82 0.43 8.88 6.46 1.55 0.73 0.17 197.9 118.8
0.84 0.14 3.11 2.49 0.26 0.80 0.08 140.1 71.7
087 012 620 522 056  0.83 0.09 242.4 83.8
094 040 555 478 023 0.86 0.04 240.0 69.1
0.95 0.33 3.64 3.24 0.14 0.89 0.04 246.3 62.2

1.7 Correlation between mean network persistency and
catchment area

Our analyses indicated that mean network persistency and catchment area are
poorly correlated, with a correlation coefficient of 0.06. The scatter plot of P
vs. A is shown in Figure S7.
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Figure S7: Scatter plot of catchment area and mean network persistency P.
The correlation coefficient is 0.06.

1.8 Analytical derivations

Average drainage density

A dynamical stream network is here described by a set of N nodes. Each
node identifies the hydrological status (active vs. dry) of a suitably identified
portion of stream network with length Al;. At any given time, the node i takes
a binary status X; (0 = dry / 1 = active). Therefore, at any time the active
steam length can be calculated as the sum of the lengths associated to each
active node,

N
L=> XAl . (S1)
1=1

The local persistency of node i, P;, defined as the probability for the node i to
be observed as active, can be calculated as the temporal average of the observed
state of the node exploiting a series of field surveys of the active network (i.e.
the average of X;, sampled at different times).

Likewise, the average stream length can also be calculated as:
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where P is the mean network persistency, L Zl 1 Al; is the geomorphic
length (corresponding to the length of the network when all the nodes are ac-
tive), and the overline denotes time averaging. Equation (S2) shows that the
definition of the maximum length of the network is a crucial step for the cal-
culation of the mean persistency: in fact, for a given mean network length, the
mean persistency is inversely proportional to Lj,... Equation (1) of the main
text is obtained by dividing both sides of equation (S2) by the catchment area.

General expression for the coefficient of variation of the active
drainage density

The local status of each node, X;, can be seen as a Bernoulli binary random
variable. Accordingly, the local persistency is the expected value of X;, while
the variance of X; can be expressed as: Var(X;) = P;(1 — P;). Let us now
consider a generic couple of nodes 7 and j with local persistencies P; and P,
respectively. One can identify four joint probabilities of the states of these nodes
as follows (66):

° Pﬁ = Prob[X; =1 and X; =1]

. ng = Prob[X; =0and X; = 0] = 1_Pj_Pi+P1i{

e Pi} = ProblX; =1 and X; = 0] = P, ~ P}]

e Pl = Prob[X; =0and X; =1] = P; — P}] (83)

The above joint probabilities obey to three constraints: Pij + Pij = P,
PY 4 P{] = Pj and P{] + P{} + Pyl + Py = 1. Incorporating these constraints
into equation (S3) allows for the calculation of all the joint probabilities based
on the local persistencies (P; and P;) and one joint probability (e.g. Pj]). In
the general case, the covariance of the states of two nodes can be written as:

Cov(Xi, X;) = (1= P)(1 = PPl + (1 = P)(0 — Pj) Pi+
(0= P)(1 = Py)Pyf + (0 P)(0 ~ P;) Fyj (S4)
= P{{ - PP,

Due to the symmetry of the covariance (Cov(X;, X;) = Cov(X, X;)), there
is no loss of generality in assuming P; > P;. Introducing the hypothesis of
hierarchical activation of the nodes (66) is equivalent to imposing Py = 0 (i.e.
the less persistent node j cannot be active if the more persistent node i is dry),

or Pi{ = P; . As a consequence, the covariance between the states of two nodes
reads:

This expression is only dependent on the persistencies of the two nodes.
Let us now consider a stream network with /N nodes numbered in a decreasing
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order of persistency (i.e. P; > P; for i < j). Note that node numbering does
not necessarily reflect the actual position of the nodes in the physical space.
The states of the nodes can be represented in a vector of random variables
X = (X1,Xs,...,Xn). The covariance between each possible couple of nodes
can be summarized in the covariance matrix, the elements of which can be
expressed as:

Pi(l—Pi) fOI‘j:i
Cov(X)=( P(1—-P;) forj<i (S6)
Pj(lfpl) fOI‘i>j

where 7 and j represent the row and column indexes, respectively. At any given
time, the active stream length L is a linear combination of the states of all the
nodes, as per equation (S1). The stream length variance is therefore expressed
as the sum of all the elements of the covariance matrix, properly weighted by
the Al; associated to each node:

N N
Var(L) = Y cov(Xi, X;)ALAL . (S7)
=1 j=1

Without loss of generality, to simplify the notation a constant unit length
Al; = Al = 1 is assumed for each node. All the relevant equations, however, can
be easily generalized to the case Al; # const by properly weighting each term
associated to the node i (i.e. the status X; or the local persistency P;) with
the corresponding Al;. First, let us express each local persistency as the sum of
the mean network persitency, P, and a local deviation from the mean, AP; (i.e.
P, = P+ AP;). Note that Zf\;l AP; = 0 by definition. Combining equations
(S6) and S7, and using the above definitions, the stream length variance can
then be written as:

N N i—1
Var(L) = | > Pi( +12) > P
i=1 i=2 j=1
N N i—1
= - AP} + |(N-1)NP(1—P +222AP—QZZAPAP
=1 =2 j=1
N i—1
= ZAPZ—QZ AP,AP; JrQZZAP
=2 j=1
~ N?P(1 - P) + N?°AP
(S8)

where the term AP = 2/N?. vazl 1AP; represents a weighted spatial average
of the persistency deviations around the mean. The weights associated to each
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AP; increases as ¢ increases (i.e., as P; decreases). Therefore, a bigger weight
is attributed to the negative values of AP;, and AP < 0. It is important to
note that the last row of equation (S8) represents an approximation of the ac-
tual value of Var(L), which is obtained from the full expression of Var(L) by
neglecting the following two terms: i) the term Zfil AP? | that proves to be
negligible when N is large (because it is of order N, while the other terms are of
order N?); ii) the term 2 Zf\; Z;;ll AP;AP;, that is negligible because of the
compensating effects originated by the interplay between the factors AP; and
AP; when the summation indices vary. A detailed set of numerical simulations
based on synthetic networks and available empirical data confirmed that the
neglected terms are at least four orders of magnitude smaller then all the other
terms of the equation. Equation (S8) was then combined with equation (S2) to
derive equation (2) in the main paper.

Upper limits for the coefficient of variation and the standard de-
viation of the active drainage density

For a given stream network (i.e. a set of nodes with known local persis-
tencies), the length variance is maximized if the activation/deactivation of the
nodes follows a hierarchical order. In fact, the hierarchical activation scheme
(for which Py} = 0 if ¢ < j) maximizes the joint probability that two arbitrary
nodes are concurrently active (Pj4 = P;), as per equation (S3). This circum-
stance in turn maximizes the covariance of the states of each couple of nodes
in the network (equation (S5)) and the active length variance (as per equation
(S7)).

Furthermore, a stream network in which all the nodes share the same per-
sistency originate an higher active length variance with respect to any other
possible network with the same mean network persistency P. Intuitively, this
property is directly implied by the hierarchical activation scheme, according to
which all the nodes are activated or deactivated at the same time as long as
they share the same persistency. In such a case, the active length can only as-
sume the limiting values of 0 and L, thereby ensuring the maximization of the
temporal variance of the active length. The same conclusion can be obtained
analyzing the term AP < 0 in equation (S8). AP, in fact, is a weighted spatial
average of the fluctuations of persistency around the mean. In the case where all
nodes share the same persistency, AP; = 0 for each i, and AP = 0, allowing the
maximization of the length variance (as per equation (S8)). Based on equation
(S8), the upper limit for the variance of the active stream length can be written
as:

Var™® (L) ~ N*P(1 — P) (S9)

This equation can be easily combined with equation (S2) to obtain equation
(3) in the main paper. Equation (S9) shows that the universal maximum vari-
ance of the active length is obtained when P = 0.5, because under these circum-
stances the term P(1 — P) is maximized. In such a case, Var™a*(L) = 0.25N2,
where N is the geomorphic length due to the assumption that Al; = Al = 1.
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The universal upper bound of the length standard deviation is then:

dev(L) = [Var™*(L)]"” = 0.5L, (S10)

as reported in the main text.

Coefficient of variation of the drainage density for beta-distributed
persistencies

The available empirical data show that the frequency distribution of the local
persistency of the different nodes in the network, here denoted as pdf(P), can
be reasonably described by a Beta distribution with the first shape parameter
set to 1:

_ p)8-1
pdf (P) = uB(f)ﬁ) (S11)

In the above equation P is the local persistency, 3 is the second shape param-
eter of the distribution and B(1,8) = % For each case study, the parameter
B was calculated using the method of moments based on the mean network
persistency, P. In particular, the analytical expression of the first moment of
the Beta distribution was exploited to calculate the free shape parameter as a
function of the mean network persistency:

1-P
8= 5 (S12)

The analogous expression for the second-order moment of the Beta distribu-

tion can be used to evaluate the spatial variance of the local persistency as:

P2(1— P)
Var(P) = ————— S13
ar(P) Y (S13)
Likewise, AP can be expressed as follows:
— P1-P)
AP =-—-"—" "~ S14
5 P (S14)

Equations (S8) and (S14) were then combined to obtain the following ex-
pression of the variance of the active length when the local persistencies are
beta-distributed:

Var(L) = N2@ (S15)

Equation (4) of the main paper is then derived combining equations (S2)
and (S15).
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1.9 Monitoring hierarchical networks

If the activation and deactivation of the nodes of a dynamic stream network
obeys to a purely hierarchical scheme, the monitoring of active stream length
dynamics can be significantly facilitated. In fact, the hierarchical assumption
can be used to deduce the status of some nodes in the network from the observed
status of other nodes. Specifically, if a node is observed as wet then all the nodes
in the network with a larger persistency should be wet. Likewise, if a node is
dry, then all the nodes with a smaller persistency should be dry as well. One
might argue that prior to the field campaign for the monitoring of active stream
network dynamics the persistencies of the nodes are not known. However, as
long as the surveys take place, this hierarchy is progressively revealed and, cru-
cially, the hierarchies emerging during any survey will remain unchanged for the
entire campaign. Thus, as the number of available active stream network maps
increases, the ability to extrapolate in space information about the status of the
nodes increases as well. To quantify the number of nodes that do not need to be
visited during a field campaign (because their status can be deduced from the
status of other nodes), a series of numerical simulations was performed in which
we simulated the dynamics of the stream network by simulating a hierarchical
chain of nodes and the position of the transition between wet and dry nodes in
the chain. Likewise, the number of nodes that has to be visited using the infor-
mation available prior to the survey is computed. These numerical simulations
consisted in the following steps: i) a sequence of N nodes with a dichotomic sta-
tus and a fixed distribution of the local persistencies is considered; ii) the nodes
are first re-ordered in a chain following a decreasing order of local persistency
(the first node is the most persistent, the last node the least persistent); iii) an
auxiliary counting variable, k, is set equal to 1; iii) the position of the unique
transition between wet and dry nodes in the chain is identified by selecting ran-
domly one of the existing groups of nodes in the chain; if k¥ = 1 the position
of the transition is set within the unique group containing all the IV nodes of
the chain; iv) the selected group is then randomly split into two sub groups
(namely, the group of wet nodes and the group of dry nodes) and a new group
is thus created; v) a new hierarchy is created between these two node subgroups
by assigning an apparent persistency P, to the existing k + 1 groups as follows:
P, = s/k, where s is the number of times that a group of nodes was observed
as active during the campaign up to the k" survey; vi) the number of nodes
to be visited during the k' survey to characterize the whole active network is
then computed as the sum of the number of nodes that need to be surveyed to
identify the groups within which the transition takes place (i.e., the number of
existing groups k) plus the number of nodes that need to be visited to identify
the precise location of that transition within the nodes of the relevant groups
(all the nodes that are included in the two groups where the transition takes
place); vii) the counting variable k is increased to the subsequent integer num-
ber and the procedure starts again from step iii). The procedure stops when a
pre-determined number of field surveys (say, K) is performed. The percentage
of nodes that has to be surveyed is then calculated as the number of surveyed
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nodes during the whole campaign scaled to the number of nodes that potentially
have to be visited (i.e., N K). The simulations were performed with different
combinations of K, N and P, and the results are shown in Figure S8. The plot
indicates that, for hierarchical networks, the number of nodes to be visited is
between 60 to 30 % of the overall number of nodes that should be surveyed in
non-hierarchal networks, with smaller percentages associated to field campaigns
made up of a larger number of surveys.
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Figure S8: Percentage of nodes to survey in perfectly hierarchical networks, as
a function of the number of performed surveys and the number of nodes, N.
The orange line shows the average, while the shadowed area shows the range
obtained by varying the number of nodes in the network between 100 and 1000.
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