
1. Introduction
Drainage basins are the regions where precipitated rainfall advances downhill as runoff and accumulates to form 
river channels. The hierarchically connected river network (RN) drains the basin and serves as a primary passage 
for carrying spatially and temporally varying environmental fluxes such as water, sediment, and nutrients (Benda 
et al., 2004; Cushman & McGarigal, 2002; Hansen & Singh., 2018; Kiffney et al., 2006). Thus, the branching 
structure of a river plays a fundamental role in biodiversity, exchanging nutrients between ecosystems, maintain-
ing migration routes for aquatic lives, among others (Convertino et al., 2007; Perron et al., 2012; Rice et al., 2006; 
Rigon et al., 1996; Rodriguez-Iturbe et al., 2009; Stewart-Koster et al., 2007). However, RNs are facing unprece-
dented disturbances at global scale under changing human activities (e.g., intensification of land-use and forest-
fires) and climate (e.g., change of precipitation patterns), leading to potential changes in the river structure and 
its response in its capacity of transporting fluxes (Prancevic & Kirchner, 2019; Ward et al., 2020). In addition, it 
has been recognized that the complex runoff response of a basin, which is driven by its physical attributes (e.g., 
drainage-network patterns, topography, basin shape, etc.), hinders our ability to draw causal relations between 
the properties of its RN, and their impact on the transported fluxes (Czuba & Foufoula-Georgiou, 2015; Zaliapin 
et al., 2010).

A significant research has been conducted since past several decades on the branching structure of RNs to address 
their topological and geomorphological connections with hydrological responses. Major breakthroughs include 
the development of unit hydrograph by the formulation of width function (Gupta et  al.,  1986; Kirkby, 1976; 
Marani et al., 1991; Mesa & Mifflin, 1986; Troutman & Karlinger, 1985), the advancement of the instantaneous 
and the geomorphological instantaneous unit hydrographs (Gupta et al., 1980; Rodriguez-Iturbe & Valdes, 1979), 
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Plain Language Summary In this study, we develop a systematic framework that characterizes 
the evolution of flux movement on a river network and quantifies the control exerted by the channel structure 
and connectivity on the environmental transport processes. Using both synthetically generated river networks 
as well as several natural river basins with minimum human impact across the United States, we explore 
the relative role of branching channels versus side-tributaries. Our results show that the abundance of side-
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river network. Our study indicates that the connectivity of river networks, and therefore their efficiency in 
aggregating fluxes, differ in humid and arid environments.
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for example. These advances enable us to analyze the spatio-temporal performance of the network under the 
runoff operation. Thus, the evolution of methodical frameworks based on the concept of system response toward 
the transport processes on the RNs stays in the place of substantial interest in hydrology and earth and environ-
mental sciences (Collischonn et al., 2017; Garbin et al., 2019; Li & Sivapalan, 2011).

The structural connectivity of a RN, that is, how the different channels connect, can be fully represented as a 
topological object, a graph (also referred to as network) (Carstens, 2017; Scheidegger, 1967). Particularly, the 
connectivity of RN tributaries corresponds universally to tree networks, whose prevalence has been argued in 
terms of optimality (Rodriguez-Iturbe & Rinaldo, 2001). The topological properties of RNs have been studied in 
detail (Horton, 1945; Shreve, 1966; Strahler, 1957; Tokunaga, 1978), pointing out the importance of branching 
(junctions of same order channels) versus side-branching (junctions of different order channels) structures in RN 
characterization. Lately, some studies analyzed the contribution of branching versus side-branching to examine 
the impact of different climates on RNs (Abed-Elemdoust et al., 2016; Ranjbar et al., 2018; Zanardo et al., 2013). 
These works mainly explored the structural connectivity of RNs with varying precipitation patterns.

The main goal of this study is to understand and quantify the role of side-branching of a RN in transporting 
fluxes. To achieve this, we introduce the concept of dynamic clusters to characterize the connectivity of chan-
nels emerging from flux propagation on the RN. The proposed dynamic connectivity framework can quantify 
time-dependent cluster formation based on the concept of structural extent (connectivity at minimum flow) and 
aggregated flux connectivity (connectivity at maximum flow). This framework is applied to both synthetic and 
natural RNs to systematically explore and understand the roles of different channel connectivity and arrange-
ments in transporting fluxes through RNs.

2. Dynamic Connectivity and Clustering
A cluster commonly denotes a set of connected elements, which are disconnected from other elements in the 
system. For a network, a cluster corresponds to a set of connected nodes (or equivalently links) such that it is 
possible to find a path between any pair of nodes in that set; the nodes belonging to a cluster are disconnected 
from the rest of the nodes in the network.

Here, we conceptualize the RN connectivity as a binary tree network, wherein nodes represent junctions and links 
represent streams (also referred to as channels). The term binary refers to the fact that each junction, here denoted 
as an internal node, is the result of merging two upstream channels. Beyond characterizing the connectivity of 
the static network of RN (e.g., obtained from the digital elevation model (DEM) using a flow-routing algorithm) 
via cluster analysis, it is important to explore the dynamic connectivity emerging on that static network as fluxes 
propagate. The dynamic connectivity, although driven by the underlying static structure (structural connectiv-
ity), depends also on the nature of the transport process considered (e.g., fluxes transported from channel heads 
to outlet) (Larsen et al., 2012; Wohl et al., 2019). Furthermore, dynamic connectivity depends on the property 
that needs to be satisfied to assume that two streams are dynamically connected (e.g., links become connected 
as a flux progresses through them), and therefore they are in the same cluster. In the following subsections, we 
introduce first the flux propagation to define the dynamic connectivity, and then two different criteria to define 
clusters, namely, dynamic clusters based on the network's structural extent and dynamic clusters based on time of 
concentration (aggregated flux connectivity).

2.1. Flux Propagation on a Network

Following the approach introduced by Zaliapin et al. (2010), we define an idealized transport process, where trac-
ers are simultaneously and continuously introduced at all source nodes (Ns) in the RN. The tracer fluxes propagate 
and aggregate as they travel downstream in the network. By examining the patterns that emerge from transport 
of fluxes in the networks with different topologies, we can potentially draw relationships between network topol-
ogies and the nature of flux propagation patterns emerging in the system. The emergent connectivity is interro-
gated by analyzing the temporal evolution of clusters (as defined in the next two subsections) in the network as 
the flux propagates from the source nodes towards the basin outlet. These clusters are called dynamic clusters for 
two main reasons: (a) they are emerging from a dynamic process—propagation of fluxes; and (b) the number of 
clusters, and their size evolve over time as transport proceeds.
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It is important to note that our flux propagation framework is general, and the transport process can be imple-
mented with different levels of detail. For instance, the morphologic properties of each stream in the river basin 
can be incorporated to acknowledge more realistic transport dynamics and travel times (Czuba & Foufoula-Geor-
giou, 2014, 2015). This could be particularly relevant to model sediment fluxes allowing spatially distributed 
sources with varying production rates in the network. However, in our study we aim to identify the key topologi-
cal properties of RNs, which control flux propagation processes. For this reason, and to enhance the interpretabil-
ity of our results, we simplify the problem under study by assuming that all streams in the network have constant 
length, and the tracer fluxes propagate downstream at a constant velocity. Thus, differences in the emerging 
aggregation properties can be solely attributed to differences in the topological properties of the RNs.

2.2. Dynamic Clusters Based on Structural Extent (DCS)

At the beginning of the flux propagation process, each source node is considered as an independent cluster, thus 
the system is defined by Ns clusters, each of them of size 1 (here, we define the size of a cluster as the number 
of source nodes in that cluster). As tracer fluxes propagate downstream of each source node, internal nodes are 
reached by tracer fluxes. Given the tree structure of RNs, every internal node corresponds to a junction, where 
tracer fluxes originating from different source nodes will combine at different stages of the flux propagation 
process. We define the merging of two clusters X and Y to form a cluster Z, when tracer fluxes coming from one 
of the sources contained in cluster X reach a junction where tracer fluxes originated within cluster Y are propa-
gating. The size of the newly formed cluster Z is simply defined as the sum of the sizes of clusters X and Y (see 
Figures 1a–1c for illustration). Formally, obtaining this cluster type corresponds to the so-called hierarchical 
nearest neighbor clustering (HNNC). The HNNC method (for further details, see Figure S1 and Section S2 in 
Supporting Information S1) is based on the distance matrix, which is a square symmetric matrix containing pair-
wise distance between every cluster which can be expressed as,

𝑑𝑑(𝑋𝑋𝑋 𝑋𝑋 ) = 𝑚𝑚𝑚𝑚𝑚𝑚 [𝑑𝑑 (𝑋𝑋𝑎𝑎𝑋 𝑋𝑋𝑎𝑎)] 𝑋 (1)

Figure 1. Evolution of dynamic clusters on a river network based on (a–c) structural extent, and (d–g) aggregated flux 
connectivity (TOC). The blue envelops in d, e, f, and g indicate clusters.
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where X and Y are two clusters, each containing a different subset of source nodes. 𝐴𝐴 𝐴𝐴 = {𝐴𝐴𝑎𝑎}𝑎𝑎=1........𝑁𝑁𝐴𝐴
 and 

𝐴𝐴 𝐴𝐴 = {𝐴𝐴𝑎𝑎}𝑎𝑎=1……..𝑁𝑁𝐴𝐴
 . NX and NY correspond to the number of source nodes in cluster X and Y, respectively. The 

distance d(X, Y) is defined as the minimum pairwise distance between the sources of the two clusters. Thus, this 
formalism allows to identify the clusters merging at every time step, namely, the clusters exhibiting the smallest 
distance. Note that after each cluster merges, the distance matrix is updated. Based on this algorithm, the number 
of clusters is computed at every proceeding time t (recall, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡 = 0) = 𝑁𝑁𝑠𝑠 ). The subscript S in 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) empha-
sizes that clusters correspond to the dynamic response of the system in terms of the structural extent of the RN 
which is concurrently activated as fluxes propagate. Note that this definition of cluster is particularly relevant in 
terms of environmental fluxes, since given a cluster, all channels within that cluster are guaranteed to transport 
tracer fluxes from at least one of the source nodes. Thus, a cluster can be interpreted as a joint spatial extent of 
the channel network where a minimum flow has been achieved.

2.3. Dynamic Clusters Based on Time of Concentration (DCT)

The dynamic connectivity based on structural extent (𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 ) requires that the spatial connection of the streams is 
achieved via flux propagation; however, it does not require that all different tracer fluxes from all source nodes 
in a given cluster are aggregated (mixed) and contribute to most downstream node in that cluster. In other words, 
from a perspective of structural connectivity, the definition of a cluster does not imply that the peak discharge is 
achieved in the most downstream stream in that cluster. For quantifying the connectivity induced by the aggrega-
tion of fluxes, we utilize the same flux propagation process, wherein tracer fluxes are introduced continuously in 
the network via all the source nodes, leading to an initial configuration where each source node is considered as 
an independent cluster. However, the rule for two clusters to merge is that the two clusters share a common down-
stream node which has achieved maximum flow (see Figures 1d–1g for illustration). Alternatively defined, the 
upstream network of a given node consists of a single cluster if the time of concentration (TOC—time at which 
the maximum possible discharge is observed at that node) of such node is achieved; the size of such a cluster is 
equal to the total number of source nodes in that cluster (see also Figure S2 and Section S3 in Supporting Infor-
mation S1). From this definition, it is evident that the entire RN will attain full connectivity, that is, the whole 
RN is characterized by a single cluster, at a time equal or larger than the TOC of the basin, which corresponds to 
the time taken by the tracer injected at the most distant source node to reach the basin outlet. Thus, the dynamic 
connectivity of the RN is characterized by the temporal evolution of the number of clusters 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) emerging 
at different stages of the flux propagation process. The subscript T emphasizes that clusters correspond to the 
dynamic response of the system in terms of the aggregation of fluxes or TOC of the most downstream node in 
the cluster.

3. Dynamic Connectivity in Synthetic River Networks
In order to identify the key topological features of RNs that control the evolution of the dynamic connectivity 
(both as described by 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) and 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) ), we utilize five simple synthetic networks (SNs), each of them consist-
ing of 31 nodes: 16 source nodes and 15 internal nodes (see Figures 2a–2e). Despite the simplicity of these 
networks, they allow us to explore a wide range of topologies in terms of side-branching structures, including 
the end-members with no side-branches, SNbr (i.e., all junctions are formed by two upstream branches of the 
same Horton-Strahler order; Horton, 1945; Strahler, 1957) (Figure 2a) and with the maximum number of side-
branches, SNsbr (i.e., there is only one junction wherein two streams of the same order meet and all the other 
junctions correspond to side-branches) (Figure 2e).

3.1. Dynamic Connectivity: Structural Extent (DCS)

For each of the SNs, we computed the number of dynamic clusters, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) as a function of time steps t (see 
Figure 2f). We observe that the proportion of side-branching in the network constitutes a first-order control on the 
number of time steps needed to achieve full connectivity (𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 = 1 ), where, generally, the larger the proportion 
of side-branching, the fewer the number of steps to achieve complete structural connectivity (see Table S1 in 
Supporting Information S1).

To better compare 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 trends for networks that require different time to achieve full connectivity, we introduce 
the normalized versions of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 and t, namely 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ and 𝐴𝐴 𝐴𝐴∗ , such that they vary in the interval [0,1] (i.e., at t = 0: 
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𝐴𝐴 𝐴𝐴∗ = 0 and 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆
∗

= 1 ; and at the time when the RN achieves full connectivity: 𝐴𝐴 𝐴𝐴∗ = 1 and 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆
∗

= 0 ). The evolu-
tion of the connectivity for the two end-member topologies in terms of the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ versus 𝐴𝐴 𝐴𝐴∗ reveals a change in the 
overall concavity of the curves: we observe a concave-up shape for 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ in the case of purely branching structure 
(see inset in Figure 2f), while the trend becomes concave-down when the end-member with the maximum number 
of side-branches is examined (see Section 2 in Supporting Information S1 for analytical formulation of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ vs. 
𝐴𝐴 𝐴𝐴∗ ). For any given network, the temporal evolution of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ is thus constrained between the trend corresponding 
to the two endmembers. Hence, as the network exhibits a higher fraction of internal nodes corresponding to a 
side-branching junction, the evolution of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆

∗ diverges from the concave-up shape. This general trend is verified 
from our analysis of the five SNs shown in the inset of Figure 2f.

In order to explore the effect of the spatial arrangement of side-branches in the dynamic connectivity, we analyze 
two SNs consisting of the same side-branching ratio, where the spatial location of two side-branches are swapped 
(Figures 2c and 2d show the same SN structure differing only in the spatial location of the side-branches enclosed 
in the blue dashed box). We observe that the number of steps to achieve full connectivity differs for those two 
networks indicating the relevant role of the spatial location of side-branches in the evolution of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) . To quan-
tify the effect of side-branching proportion and their spatial location, we define 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖𝑖∗ as the distance from internal 
node i to its closest upstream source 𝐴𝐴 𝐴𝐴∗ . Thus, internal node i, requires 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖𝑖∗ time steps (note that for a varying 
velocity, 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖𝑖∗ can be transformed to its corresponding time) to be reached by a tracer flux, and become a part of 
a cluster. Consequently, a node k characterized by the largest distance to the source, 𝐴𝐴 𝐴𝐴𝑘𝑘𝑘𝑘∗ , controls the number 
of steps to achieve full structural connectivity of a RN. With this understanding, one can interpret our previous 
observations and infer the following key topological features controlling structural connectivity: (a) increasing 
side-branching accelerates the rate to achieve structural connectivity—the presence of side-branches reduces the 
distance of internal nodes to sources as compared with branching structures, therefore reducing the values of 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖𝑖∗ . 
(b) The large difference in the order of side-branching with respect to the order of the main branch leads to faster 
convergence to structural connectivity—the spatial arrangement of low-order side-branches tend to reduce the 

Figure 2. (a)–(e) Schematics of five different SNs with 16 source nodes. (a) SNbr (Horton-Strahler order, HS = 5), (b) SN1 
(HS = 4), (c) SN2 (HS = 4), (d) SN3 (HS = 4), and (e) SNsbr (HS = 2). (f) Cluster evolution of the SNs based on structural 
extent, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 and normalized 𝐴𝐴 𝐴𝐴𝐴𝐴∗

𝑠𝑠  (inset). (g) Cluster evolution of the SNs based on aggregated flux connectivity (TOC), 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  .
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𝐴𝐴 𝐴𝐴𝑖𝑖𝑖𝑖∗ of the internal nodes, accelerating the merging of dynamic clusters, and achieving a larger coverage of the 
structural extent of the network in fewer steps.

3.2. Dynamic Connectivity: Time of Concentration (DCT)

We now utilize the same SNs (see Figures 2a–2e) to identify the topological properties of RN that control the 
aggregation of fluxes as quantified via 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) . We observe that the proportion of side-branching in the network 
plays a fundamental role in the evolution of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) , and particularly in the number of time steps t, needed to 
achieve full connectivity (𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇   = 1), where, generally, the larger the proportion of side-branching, the larger the 
number of steps to attain full connectivity (Figure 2g). Thus, when we compare the evolution of the connectivity 
for the two end-member topologies: (a) SNsbr (Figure 2e) exhibits a linear decrease of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  as a function of time 
(Figure 2g). The slope of such a linear relationship is one (i.e., there is merging of only two clusters per unit of 
time), establishing the slowest convergence possible and the largest TOC for a given number of nodes in the 
network. (b) Given that we are only considering binary trees, SNbr (Figure 2a) shows the fastest possible decline 
of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) (Figure 2g); specifically, it decreases as 𝐴𝐴

𝑁𝑁𝑠𝑠

2
 .

For other SN topologies, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) curves do not change in overall concavity (no transition from concavity to 
convexity as observed in our analysis of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) ). To quantify the rate at which the RN is achieving dynamic 
connectivity, we define the ICR (integral connectivity rate) as the area under the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) curve. Note that the 
larger the ICR is, the slower is the convergence of the RN to obtain aggregated flux connectivity (see ICR values 
for SNs in Table S1 in Supporting Information S1). The two end-member topologies establish the upper and 
lower bound for the evolution of the dynamic connectivity based on flux aggregation in terms of TOC (and thus 
ICR). The other SNs used in the analysis (Figures 2b–2d) lay in between, presenting a general decreasing trend of 
their dynamic connectivity (Figure 2g) with respect to the percentage of the side-branching.

It is important to highlight that the evolution of the dynamic connectivity based on flux aggregation is also sensi-
tive to the spatial arrangement of side-branches. However, not all the alternative topologies consisting of the same 
side-branching structures (different spatial configurations, e.g., Figures 2c and 2d) exhibit different evolution of 

𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) . The key point to consider evaluating if the different spatial arrangements lead to a different dynamic 
response is whether that spatial rearrangement modifies the TOC for any node in the network. For instance, the 
topologies shown in Figures 2c and 2d have the same side-branches, where two of them are spatially re-arranged. 
However, this rearrangement does not imply any change in TOC of any node in the RN, and therefore the whole 

𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇 (𝑡𝑡) remains same. On the other hand, changes that imply modification of the local TOC of any node in the RN 
or the TOC of the basin reflect in the temporal evolution of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  (see Figure S3 in Supporting Information S1). 
The implications of these findings for general RNs are apparent: for asymmetric junctions (here defined as junc-
tions where two upstream subcatchments of very different sizes and TOCs merge) the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  is controlled by the 
largest upstream subcatchment. These results indicate that the presence of side-branches with larger differences in 
Horton-Strahler order (statistically asymmetric junctions) play the most relevant role in decelerating the conver-
gence rate to achieve full dynamic connectivity of a RN in terms of flux aggregation.

4. Dynamic Connectivity in Natural River Networks
In this section, we explore the dynamic connectivity of natural river networks (NRNs) emerging from the 
described flux propagation process. We selected 50 natural river basins, with minimum human impact, located in 
different geographic regions across the United States (see Figure S4 in Supporting Information S1). These basins 
correspond to drainage area from 0.15 to 4.37 km 2 and mean-annual precipitation from 80.8 to 3838 mm. The 
channel networks for these basins were extracted from 1 m resolution DEMs. In this study, we use slope-area 
method (McNamara et al., 2006; Montgomery & Foufoula-Georgiou, 1993; Tarboton et al., 1992) to ensure the 
extracted networks are within the alluvial regime. The threshold for the channel network extraction for each RN 
was selected in such a way that each extracted network consisted of exactly 64 source nodes. Similar to SNs, 
we interrogate the NRNs’ dynamic connectivity by examining the number of clusters, both 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 and 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  , as a 
function of the flux propagation stage (time). For comparison, we include in our analysis the two end-members 
SNs (one with complete branching SNbr and another with maximum side-branching SNsbr) with 64 source nodes.

Figure 3a shows the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 evolution curves for the NRNs and reveals the emergence of two subsets of NRNs: (a) 
set R1 consists of 18 NRNs, which are characterized by a slower decline of the number of clusters over time and 
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larger number of steps to achieve full structural connectivity; (b) set R2 consists of 32 NRNs, which require a 
shorter time to achieve full connectivity. When 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (𝑡𝑡) is normalized between 0 and 1, the separation of the two 
subset R1 and R2 is even more apparent, and, as expected, the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 curves for all NRNs fall within the envelope 
delineated by 𝐴𝐴 𝐴𝐴𝐴𝐴∗

𝑆𝑆
 computed for SNbr and SNsbr (see Figure 3b).

From our study using SNs, we hypothesized that the decline of 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 is mostly controlled by the proportion of 
side-branching in the RN. When we compute this proportion for the two subset of NRNs, R1 and R2, obtained 
from the analysis of their dynamic connectivity, we indeed find a statistically significant difference (tested 
using Mann-Whitney-Wilcoxon test for significance within 95% confidence interval (Mann & Whitney, 1947; 
Wilcoxon, 1945)) in their proportion of side-branching, where basins in the R2 group exhibit higher side-branch-
ing proportion (approximately 75%) as compared to R1 (approximately 67%). These results indicate that the 

Figure 3. Cluster evolution of the NRNs based on the (a) structural extent, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 (b) normalized structural extent, 𝐴𝐴 𝐴𝐴𝐴𝐴∗

𝑠𝑠  , and 
(c) aggregated flux connectivity, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  . (d) Cluster evolution (𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  ) of the networks of Basins 3 and 4 with similar TOC (i.e., 
time to reach complete flux connectivity) but different ICR (integral connectivity rate). (e) Relationship between ICR and 
side-branching for NRNs. Note that ICR here is normalized such that ICR = 0 for the SNbr and ICR = 1 for SNsbr.
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proportion of side-branching versus branching junctions acts as a first-order control on the dynamic connectivity 
based on the structural extent of RNs.

NRNs are also analyzed for dynamic connectivity based on TOC. Figure 3c shows 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  as a function of time for 
NRNs. Similar patterns as discussed for SNs are observed, that is, networks with higher side-branching exhibit 
slower convergence of fluxes. Although, in general, the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  curves of NRNs (see Figure 3d for illustration) show 
difference between sets R1 and R2, the separation of the two sets is not as distinct as seen from the 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 curves. 
For this reason, we compute the ICR for each NRNs and explore its dependence as a function of side-branching 
ratio (Figure 3e). The following observations can be made from Figure 3e: (a) a positive trend between ICR and 
side-branching ratio can be seen suggesting that networks with higher side-branching ratio take longer to achieve 
complete flux connectivity; (b) the variability observed with respect to the linear trend can be interpreted accord-
ing to the understanding gained from the analysis of SNs. Namely, the same side-branching ratio can generate 
different 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  (ICR), due to the spatial location of the side-branches, and more specifically, due to the junction 
asymmetry. Thus, highly asymmetric junctions (implying more elongated basins and sub-basins) are character-
ized by a larger ICR (even for the same side-branching ratio). In Figure 3e, two basins characterized with the 
same side-branching ratio, Basin 1 and Basin 2 (shown as insets), confirm that the more elongated basin exhibits 
a larger ICR and thus TOC. To quantify drainage basin shape, Schumm (1956) suggested elongation ratio, Re, 
expressed as:

𝑅𝑅𝑒𝑒 =
1

𝐿𝐿𝑏𝑏

√

(4∕𝜋𝜋)𝐴𝐴𝑊𝑊 (2)

where, Lb is the maximum basin length or main channel length and Aw is the drainage area (Schumm, 1956). 
Based on Re, basins can be classified as more elongated (Re < 0.5), elongated (Re ∼ 0.5–0.7), and less elongated 
(Re ∼ 0.7–0.8) (Schumm, 1956). Following Equation 2, Re is 0.56 for the Basin 1 and 0.77 for the Basin 2. There-
fore, Basin 1 is more elongated than Basin 2, which further supports our observations and arguments given above 
about the effect of basin shape on ICR (or TOC) (see also Figure S5 in Supporting Information S1).

It is worth noting that the variability shown in Figure  3e allows the existence of basins with very different 
side-branching ratios, but similar ICR (e.g., Basins 3 and 4 exhibiting same TOC—see Figure 3d and insets of 
Figure 3e). We argue that this horizontal variability is controlled by the geometry of the sub-basins, particularly, 
sub-basin elongation. Thus, when Re is computed for some representative sub-basins (selected based on their 
main-stream length and the number of sources) of Basins 3 and 4 (marked with orange boundary-line in the insets 
of Figure 3e), it is observed that sub-basins (𝐴𝐴 𝐴𝐴𝑒𝑒 ∼ 0.50 ) from Basin 4 are more elongated than those from Basin 
3 (𝐴𝐴 𝐴𝐴𝑒𝑒 ∼ 0.78 ).

5. Summary and Concluding Remarks
RNs are geomorphic features that support landscapes for transporting and distributing environmental fluxes such 
as water, sediment, and nutrients heterogeneously throughout the network and provide hierarchical habitats to the 
freshwater species as well as act as pathways for pathogens of life-threatening water-borne diseases. The spatial 
dynamics and the induced heterogeneity in spreading of the biological and ecological communities are affected 
by the network structure (Muneepeerakul et al., 2008; Rodriguez-Iturbe et al., 2009).

To understand and quantify the effect of the RN structure on the organization and accumulation process of envi-
ronmental fluxes, we investigate the topological controls of RNs subjected to transport activity using synthetic 
and natural river networks. We developed a dynamic connectivity framework that characterizes the dynamic 
patterns emerging from transport processes on RNs. Within the framework, we evaluate the dynamic connec-
tivity of RNs by examining the emerging clusters based on structural extent (𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 ) and time of concentration 
(𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  ). 𝐴𝐴 𝐴𝐴𝐴𝐴𝑆𝑆 provides information about the dynamic connectivity at minimum flow, whereas, 𝐴𝐴 𝐴𝐴𝐴𝐴𝑇𝑇  provides 
information about the emerging connectivity at maximum flow conditions. Our results suggest that the fraction of 
side-branching versus branching junctions acts as a first-order control on the dynamic connectivity based on the 
structural extent of river networks. In comparison to structural connectivity, the impact of side-branching on flux 
connectivity is entirely different. The results indicate that networks with higher side-branching ratio take longer 
to achieve complete flux aggregation connectivity.
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Previous research has shown a dependence of the structure of RNs on geologic, climatic, and human activities 
(Durighetto & Botter,  2021; Hooshyar et  al.,  2019; Jensen et  al.,  2019; Sassolas-Serrayet et  al.,  2018; Singh 
et al., 2015; Tejedor et al., 2017; Willett et al., 2014). Particularly, the dependence of side-branching on climatic 
variables has been argued (Ranjbar et al., 2018; Zanardo et al., 2013), wherein humid landscapes are reported to 
exhibit a larger ratio of side-branching to branching structures. Our study of the dynamic connectivity of NRNs 
draws further implications in terms of the dynamic response of RNs in different climatic regions: humid basins 
are drained by river networks with higher side-branching ratios, which establish a topological brake slowing 
down the convergence of fluxes, and therefore, are able to hold fluxes for longer time, delaying the accumulation 
of fluxes, while networks in arid basins accelerate this process. On the other hand, from the structural connec-
tivity point of view, RNs in humid environments facilitate the emergence of larger connected spatial extents 
faster than for arid environments. Our results are of particular relevance given that RNs are facing unprecedented 
changes in their structure and functions due to changing climatic and human activities. For instance, these results 
potentially indicate that under a climate-change scenario, wherein extreme events are expected to intensify in the 
frequency and magnitude (Feng et al., 2013; Ingram, 2016; Papalexiou & Montanari, 2019), the risk of flooding 
would be exacerbated in arid environments, whose network topologies are not naturally evolved to sustain the 
fluxes for relatively longer times, and therefore attaining faster peak-flow magnitudes.

The dynamic connectivity framework presented here can be generalized to interrogate the impact of other rele-
vant parameters (e.g., channel geometry, varying flow velocities, and heterogeneous precipitation patterns) on 
flux transport and aggregation, allowing us to explore the compound effects of those parameters together with 
topology in the phenomena and scenarios discussed above. A particularly pertinent application of this framework 
could arise by incorporating the ephemerality (i.e., persistence of streamflow) of the streams to understand the 
river response in the face of the spatial heterogeneity introduced by the local ecohydrology of the basin (Botter 
et al., 2021). This phenomenon can induce a significant impact on the hierarchical aggregation of streamflow, 
which can be further interpreted in conjunction with the topology via the proposed framework.

Data Availability Statement
The data of the DEMs for the natural catchments can be downloaded from https://doi.org/10.5281/zenodo.5637518.
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