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Abstract Connectivity within river networks governs the transport and aggregation of fluxes such as water,
sediment, and nutrients. Here we focus on dynamic connectivity (DC), defined by the time‐evolving
connectivity that emerges as fluxes propagate and mix through the network, characterized by minimal‐flow
connectivity (DCmin) and maximal‐flow connectivity (DCmax). Using 100 natural basins across the United
States, we disentangle the roles of network geometry (link‐lengths) and topology (branching structure) in
controlling the times to achieveDCmin andDCmax. We find that link‐lengths decrease with stream order, and this
geometric hierarchy primarily controls the time to DCmin, whereas the time to DCmax is mainly governed by
network topology. Placed in a climatic context, our results show that humid basins, characterized by stronger
link‐length hierarchy and enhanced side branching, exhibit slower flux aggregation. This study provides new
insights into how climate influences channel network geometry and topology, thereby controlling basin‐scale
flux aggregation rates.

Plain Language Summary River networks act as nature's drainage systems, moving water,
sediment, and nutrients from the landscape to the ocean or water bodies. How quickly these fluxes
connect and mix throughout a basin depends on both the structural arrangement of channels (topology)
and their size (geometry) within the river network. In this study, we use a dynamic connectivity
framework to track how fluxes from different parts of a river network aggregate over time. We find that
the arrangement and length of river links strongly influence this process: when higher‐order links are
relatively shorter than the lower‐order links, that is, more hierarchically arranged, it takes longer for fluxes
to start mixing, whereas networks with more side‐branches delay the travel for all fluxes to converge at
the outlet. Comparing basins across different climates, we show that humid basins, which tend to have
more side‐branches and more hierarchical link lengths, exhibit slower dynamic connectivity than basins in
dry regions. This slower dynamic connectivity allows humid basins to naturally attenuate and disperse
flood peaks, suggesting that this emergent property may be a fundamental driver of the networks'
topological and geometric evolution.

1. Introduction
Connectivity within river networks governs how environmental fluxes such as water, sediment, and nutrients are
transported across landscapes (Benda et al., 2004; Cushman & McGarigal, 2002; Hansen & Singh, 2018;
Rodriguez‐Iturbe & Rinaldo, 1997). River networks also serve as ecological corridors that regulate the movement
and dispersal of organisms through hydrologic connectivity, nutrient cycling, and habitat connectivity across
spatial and temporal scales (Bracken & Croke, 2007; Carrara et al., 2012; Larsen et al., 2012; Muneepeerakul
et al., 2008; Rinaldo et al., 2020; Rodriguez‐Iturbe et al., 2009; Wohl et al., 2019). From a geomorphological
perspective, the patterns of network connectivity also determine the pathways of energy and material transfer that
shape landscape evolution and determine the efficiency of environmental transport (Carraro et al., 2020;
Rodriguez‐Iturbe & Rinaldo, 1997). Therefore, understanding the spatial structure of river networks
(e.g., arrangement of channels) as well as the temporal evolution of patterns of fluxes propagating on those
networks is essential for quantifying processes ranging from flood generation and sediment routing to the
persistence and evolution of aquatic populations (Botter et al., 2011; Carrara et al., 2014; Czuba & Foufoula‐
Georgiou, 2014; Garbin et al., 2019; Kiffney et al., 2006; Shao et al., 2019; Zaliapin et al., 2010).
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Several metrics have been proposed to quantify structural connectivity in river networks, spanning geometric,
graph‐theoretic, and hydrologic perspectives. Structural indices such as drainage density, junction angle, and
bifurcation ratio characterize the spatial organization of channels (Coffey & Shaw, 2017; Hooshyar et al., 2017;
Horton, 1945; Kovchegov et al., 2022b; Ranjbar et al., 2018; Rodriguez‐Iturbe & Rinaldo, 1997; Sassolas‐
Serrayet et al., 2018; Schumm, 1956; Seybold et al., 2017). Early hydrologic frameworks further linked
drainage network structure to basin‐scale response through concepts such as width functions and unit hydro-
graphs, enabling spatio‐temporal analysis of runoff routing and system response (Gupta et al., 1980;
Kirkby, 1976; Rodríguez‐Iturbe & Valdés, 1979; Troutman & Karlinger, 1985). Graph‐based approaches further
quantify properties such as path lengths, branching asymmetry, and critical nodes that govern flux transfer and
fragmentation (Carrara et al., 2012; Kovchegov et al., 2022a; Sarker et al., 2019, 2025; Tejedor et al., 2015;
Zanardo et al., 2013). More recently, hydrologic connectivity metrics have incorporated the temporal activation of
flow paths to assess how fluxes propagate under varying climatic or event conditions (Botter et al., 2021; Bracken
& Croke, 2007; Garbin et al., 2019). Yet despite this progress, most existing frameworks treat connectivity as a
static attribute, leaving its time‐evolving behavior during flux propagation largely unexamined.

While static network representations capture the overall channel arrangement, the temporal dynamics of con-
nectivity, that is, how and when different parts of the network become hydrologically or ecologically connected,
are equally crucial (Rinaldo et al., 2020). Recent work by Roy et al. (2022) introduced a dynamic connectivity
framework that captures the evolution of flux aggregation processes through the formation of time‐dependent
clusters. Within that framework, a river network achieves minimal dynamic connectivity (DCmin), when fluxes
from at least two upstream sources have reached every point in the river network, resulting in minimum mixing.
The minimal dynamic connectivity controls the spread of ecological communities and pollutants (Botter
et al., 2021; Garbin et al., 2019). On the other hand, the river network attains maximal (i.e., peak‐flow) dynamic
connectivity (DCmax), when at any point on the network, the fluxes from all upstream sources are mixed. This
condition implies that the source located farthest from the outlet has contributed to the flow at the outlet. This
connectivity, based on the full aggregation, reflects the basin‐scale transport efficiency, sediment delivery, and
the timing and magnitude of hydrograph peaks. Together, these two connectivity criteria describe the temporal
evolution of network activation, from the initiation of connected flow paths to the complete aggregation of fluxes,
and are central to understanding how basins respond to climatic and hydrologic forcing.

Importantly, dynamic connectivity is inherently constrained by the (static) structural properties of the river
network through which fluxes propagate. For example, the topology of river networks, defined as the connection
between the junctions and channels of the network, plays a key role in governing the timing and rate of dynamic
connectivity, with the abundance of side‐branching (i.e., merging of channels of different orders) junctions acting
as a topological brake that slows the propagation of fluxes (Roy et al., 2022). However, the influence of geometry
(e.g., channel length) has remained largely unexplored. Moreover, the combined effects of topology and ge-
ometry, and their dependence on climatic conditions, are poorly understood. Observations suggest that humid
basins exhibit more side‐branching and different link‐length distributions than arid basins (Dodds & Roth-
man, 2000; Ranjbar et al., 2018; Yang & Lee, 2001; Zanardo et al., 2013), yet the mechanistic basis by which
these structural attributes influence dynamic connectivity and flood response remains unresolved.

Here, we develop a generalized dynamic connectivity framework to explicitly disentangle the roles of topology
and geometry in governing the temporal evolution of flux aggregation. We investigate how climatic variability
influences the connectivity across natural basins given the variations in branching configuration and link‐length
distributions.

2. Methods and Data Analyzed
2.1. Dynamic Connectivity Framework

In this study, we employ the dynamic connectivity framework introduced by Roy et al. (2022) (see also Zaliapin
et al. (2010); Kovchegov et al. (2023); Duquesne and Winkel (2019)), which captures the emergent
connectivity—via dynamic clusters—that arises from the transport of fluxes through the static river network
structure. A dynamic cluster is defined as a set of nodes or links (here river‐network's junctions or channels) that
become connected through the downstream propagation of fluxes at a given time. We define clusters according to
two alternative criteria which are relevant to different eco‐hydro‐geomorphological processes: (a) minimum flow
conditions: a catchment (or a part of a catchment) is defined as a cluster if all their channels and junctions receive
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fluxes from at least two upstream sources, achieving theDCmin condition; (b) peak‐ (maximum‐) flow condition: a
catchment is defined to be a cluster if all its constituent channels and junctions receive fluxes from all the up-
stream sources, achieving its DCmax condition. As the time progresses, the size (i.e., catchment extent) and
number of clusters evolve. Thus, a full characterization of the dynamic connectivity of a river network includes
the evolution of connectivity rather than just the static spatial connectivity of nodes and links across the landscape.

Figure 1 illustrates the evolution of clusters on a schematic river network when fluxes from all source nodes are
injected at the same time (Figure 1a) and under the two above discussed dynamic connectivity scenarios, DCmin
(Figures 1a1–1a4) and DCmax (Figures 1a5–1a9). The evolution is shown from t = 0 until basin‐wide connec-
tivity is achieved, at which point a single cluster spans the entire river network. We define TDCmin as the time to
basin‐wide connectivity under DCmin, that is, minimum mixing is guaranteed (at least two upstream sources
contribute) across the whole river network's spatial extent (Figure 1a4). In contrast, basin‐wide connectivity under
DCmax is reached at time TDCmax, when all channels and junctions within the river network, including the outlet,
receive contributions from all upstream sources (Figure 1a9).

The time required for a channel network to achieve minimum flow connectivity (TDCmin ) and peak flow con-
nectivity (TDCmax ) depends on both topology (i.e., how channels are connected) and geometry (i.e., the variation in
channel lengths). Roy et al. (2022) explicitly explored the effect of topology on dynamic connectivity. Here, we
explore whether the link length distribution or their spatially heterogeneous arrangement exerts control on the
emergent dynamic connectivity of river networks. To do so, we test the differences in this emergent dynamic
connectivity for river networks that are topological twins of the observed networks, but with different geometric
(link‐length) scenarios. These scenarios include: one in which link lengths are forced to be uniform, one that
preserves the observed length of every link, and one that preserves the link‐length distribution while spatially
reshuffling individual values.

2.2. Data Analyzed

We analyze 100 natural river basins across the United States with minimal human disturbance, representing
diverse geographic and climatic regions. Among them, 50 basins are located in dry zones characterized by a
higher aridity index AI (>3) and lower mean annual precipitationMAP (<700 mm yr− 1), while the remaining 50
basins belong to humid zones with lower AI (<3) and higher MAP (>1000 mm yr− 1). The geographical loca-
tions of these 100 basins are shown in Figure 2a and the distribution of basin sizes is shown in Figure S1a in
Supporting Information S1. The selected basins span drainage areas from 0.4 to 20.5 km2, AI values ranging from
0.32 to 45.7, andMAP from 71 to 2,797 mm yr− 1. Digital elevation data were obtained from the U.S. Geological
Survey, and channel networks were extracted from 5 m resolution digital elevation models (DEMs) using a
curvature‐based method (see Hooshyar et al. (2016) and also Passalacqua et al. (2010)), which delineates valleys

Figure 1. (a) A sample river network (N1) with constant link lengths representing network topology. In response to a constant
flux input imposed at time t = 0 to all source nodes and assuming same flux propagation rate in all links, panels (a1)–(a4)
show the steps of dynamic connectivity forming distinct clusters of connected links based on minimal dynamic connectivity
(DCmin), that is, when fluxes from at least two upstream sources are mixed. Panels (a5)–(a9) show steps of dynamic connectivity
based on maximal dynamic connectivity (DCmax), that is, when fluxes from all source nodes are mixed. Note that in previous
studies (Roy et al., 2022), minimum and maximum dynamic connectivity conditions have been referred to as structural and
time‐of‐concentration, respectively.
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Figure 2. (a) The geographical locations of 100 natural basins analyzed from dry and humid climatic regions to study the effect of link length variability on mixing time
(ΔT = DCmax − DCmin) (b) ΔT geometrical (calculated based on actual link lengths normalized with respect to the mean link length of the corresponding basins)
versus ΔT topological (assuming unit length for all links). (c) When link lengths are randomly shuffled with a fixed topological structure of the network, the ΔTGeom falls
onto ΔTTopo, highlighting the clear effect of link length geometry on the overall network structure. (d) Variation of ensemble mean link lengths of 50 dry and 50 humid
basins with respect to stream order. (e) Normalized link lengths (normalized with respect to the mean link length of that individual basin) for humid (blue color), dry (red
color), and randomized condition (gray) as a function of stream order. Circle, square and diamond indicate overall mean of dry humid and randomized link lengths and error
bars indicate ±1 standard error with respect to the mean. The difference in the hierarchy is visible in the ΔTGeom (see b, c). When we randomly shuffle the link lengths for
the same network topology, the hierarchy with respect to stream orders vanishes, as shown by the dashed line.
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and channels based on local topographic curvature and k‐means clustering of contour lines. We extracted the AI
(defined here as the ratio of mean annual potential evapotranspiration to precipitation) for basins from the global
aridity index data set based on global climate data from 1970 to 2000 (Zomer et al., 2022), andMAPwas extracted
based on the 30‐year (1990–2019) annual average of the precipitation data set for North America (Wieczorek &
Signell, 2023).

The extracted channel networks provide spatial connections between all nodes and junctions, along with their
corresponding link lengths. From these networks, we compute topological properties such as the degree of side‐
branching, quantified by the Tokunaga parameter (c‐value), where a higher c‐value indicates a greater abundance
of side‐tributaries (Peckham, 1995; Ranjbar et al., 2020; Tokunaga, 1978). For simplicity, we assume a constant
flux velocity of 1 m/ s to calculate the (TDCmin ) and (TDCmax ) thus rendering distance and time interchangeable. We
also calculate ΔT (=TDCmax − TDCmin) as a summary metric and use it to assess how the emergent overall dynamic
connectivity at both minimal‐ and peak flow depends on geometrical and topological controls, as well as climatic
conditions. Finally, to understand how river‐network topology and geometry influence the system's overall
dynamical response, we compute the rate of flux aggregation at the outlet, which is analogous to a hydrograph
(Ghotbi et al., 2020; Gupta et al., 1980; Rodríguez‐Iturbe & Valdés, 1979). We then compare how the aggregation
rate evolves from flux initiation to basin‐wide DCmin and DCmax, across climatic regimes.

3. Results and Discussion
3.1. Dynamic Connectivity in Natural Basins and the Role of Hierarchical Link Lengths

Roy et al. (2022) demonstrated that dynamic connectivity depends on the topological properties of a river
network, showing that when only topological variations are considered, networks with higher side‐branching
achieve DCmin earlier (i.e., smaller TDCmin) but require a larger TDCmax. In this work, we aim to demonstrate the
role of geometry (link lengths) on the emergent dynamic connectivity.

To disentangle the influence of geometry from that of topology, we computed TDCmin, TDCmax, and their difference
ΔT for each basin under two configurations: (a) the geometrical case, which incorporates the actual link lengths in
the river network, and (b) the topological case, where all links were assigned a constant length equal to the basin's
mean link‐length.

Figure 2b shows that ΔTgeom is consistently smaller than ΔTtopo for all basins, indicating that the observed
variability in link lengths induces an acceleration in the progression from DCmin to DCmax. Moreover, humid
basins display systematically lower ΔT values than dry basins, suggesting that differences in link‐length orga-
nization contribute to the observed climatic contrast.

To determine whether the acceleration in dynamic connectivity is intrinsically driven by the variability in link
length or whether it is grounded in the spatial heterogeneity of that variability, we perform a reshuffling
experiment, where link lengths are randomized across the network structure, thereby removing preexisting spatial
heterogeneity in link lengths across the preserved topology. The results of this experiment show that ΔTrandom
collapses onto ΔTtopo (Figure 2c). This convergence confirms that the reduced ΔT observed in the geometric case
is driven by the spatial heterogeneity of link lengths and not due to its intrinsic variability.

To explore the nature of link‐length heterogeneity, we analyzed the ensemble mean link‐length as a function of
stream order (see Figure 2d and Figure S2 in Supporting Information S1) for the 100 basins in this study,
segregated into two groups according to whether they belong to humid or arid environments. Both humid and dry
basins exhibit a hierarchical pattern in which link lengths decrease with stream order, with the hierarchy being
more pronounced in humid basins. Similar trends are observed when link lengths are normalized (with respect to
mean link length of individual basins) to account for variations in basin size (see Figure 2e). Note that in this
study, we adopt the Horton–Strahler stream‐order convention (Horton, 1945; Strahler, 1957). Thus, the obser-
vation that ΔTgeom is consistently smaller than ΔTtopo is due to the observed hierarchy in link‐lengths (noting that
an opposite hierarchical relation, where lower‐order streams have shorter links than higher‐order ones, would
yield ΔTgeom >ΔTtopo, a behavior not observed in the analyzed natural basins). The existence of these order‐based
hierarchical patterns (see Figure 2d), and the differences between them, emerge as the primary driver of the
distinct dynamic‐connectivity responses shown in Figure 2b, an interpretation further supported by the disap-
pearance of these differences when link‐length values are spatially randomized as shown in Figure 2c. This
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observation further suggests that the hierarchy enhances the heterogeneity of the flux travel distances, promoting
faster mixing and smaller ΔTgeom.

3.2. The Role of Topology and Geometry on the Rate of Flux Aggregation

The rate of flux aggregation through a river network at the outlet quantifies how quickly channels contribute their
fluxes to the outlet over time. It is analogous to the temporal gradient (slope) of a hydrograph, which represents
how discharge changes with time at a specific point in a basin's river network. Here, we compute this rate by
tracking the number of nodes (or links) that become connected to the outlet as fluxes propagate downstream. For
simplicity, we assume unit velocity of 1 m s− 1 for flux propagation, allowing distance and time to be used
interchangeably. This analysis provides direct insight into how network structure influences the timing and shape
of the aggregation curve, which reflects the efficiency of flux convergence within the basin.

To gain insight into the relative roles of topology and geometry, we first examined four synthetic networks with
distinct topological configurations, ranging from pure branching (i.e., merging of channels of the same order;
SNbr) through increasing side‐branching (SN1 and SN2) to the maximum possible side‐branching structure (SNsbr;
Figure 3a). To isolate the effect of topology, all link lengths were assigned a uniform value of 1. The resulting
hydrographs (Figure 3b), assuming a spatially uniform precipitation, reveal that a purely side‐branching structure
(SNsbr) exhibits delayed and broader peak, indicating slower flux aggregation and a longer time to peak flow
connectivity. In contrast, the purely branching configuration (SNbr) shows a sharper and earlier peak, reflecting
faster flux convergence, while the two intermediate branching structures (SN1 and SN2) fall in between.

To explore the effect of geometry, we introduced a link‐length hierarchy on the synthetic networks discussed
above and shown in Figure 3a while keeping the total network length constant (see inset in Figure 3c). This inset
illustrates the hierarchical variation of the link lengths for the sample network (SNbr), where lower‐order links
were assigned longer lengths relative to higher orders. The resulting hydrographs suggest that increasing geo-
metric hierarchy shifts the time to peak aggregation earlier, reducing the overall TDCmax. This highlights that

Figure 3. The effect of network topology and geometry on flux aggregation. (a) Schematic showing four synthetic networks
with different topology. SNbr represents pure branching, SNsbr represents maximum possible side‐branching, SN1 and SN2
represent networks with increasing side‐branching respectively. (b) Effect of pure topology (with all link lengths = 1) on flux
aggregation. (c) By introducing hierarchy in link lengths while keeping the total link length constant, for example, as shown in
the inset for the case of SNbr, we find that the total DCmax or time to maximal dynamic connectivity (TDCmax ) reduces, that is,
hydrograph shifts to the left. (d) Effect of link‐length variation on hydrographs for a real river network. The natural hierarchical
geometry produces the reference hydrograph (blue). Increasing geometric hierarchy shifts the hydrograph earlier (red), whereas
removing hierarchy—by assigning equal link lengths (green) or randomly shuffling link lengths (yellow)—delays aggregation.
Imposing an inverse hierarchy, in which higher‐order channels have longer links, further delays aggregation. Such elongated
configurations resemble networks with enhanced side branching (see SNsbr).
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geometric heterogeneity, characterized by introducing longer link lengths for numerous small tributaries and
smaller link lengths for higher order links, facilitates faster connectivity even under an identical topology.

We also tested the influence of link‐length hierarchy using a real network (Figure 3d). The hydrographs show that
networks with a stronger (steeper decay of average link length with stream order) geometric hierarchy (red)
exhibit earlier peaks compared to those with equal link lengths (green) or randomly shuffled lengths (yellow). The
latter two, which lack an ordered hierarchy, display delayed and broader peaks consistent with slower flux ag-
gregation. When an inverse hierarchy was imposed, where higher‐order streams are longer than lower‐order
streams, the peak was further delayed, mimicking the behavior of side‐branching networks (SNsbr). Such in-
verse configurations are uncommon in nature but demonstrate how geometric elongation can emulate the hy-
drologic effect of increased side‐branching. Overall, these results emphasize that topology primarily dictates the
overall shape and timing of aggregation, whereas geometry modulates its rate and efficiency by controlling the
hierarchical distribution of link lengths.

3.3. Climatic Influence on the Rate of Aggregation

To examine how climate influences the rate of flux aggregation, we compare aggregation rates between humid
and dry basins. Humid basins exhibit greater side‐branching, as reflected in higher Tokunaga c‐values (see Figure
S1 in Supporting Information S1 and also Zanardo et al. (2013); H. Bavojdan et al. (2025)). As discussed above,
humid basins also exhibit a stronger link‐length hierarchy (see Figure 2d and Figure S2 in Supporting Infor-
mation S1). Here, we investigate how the combined effects of topology and geometry on flux aggregation
manifest in the natural basins.

Figures 4a and 4b show two representative basins of similar drainage areas (∼5 km2) but significantly different
aridity index (AI) and mean annual precipitation (MAP). The humid basin (AI = 0.7, MAP ∼ 1,858 mm) exhibits
higher side‐branching (c‐value = 2.7) and longer link lengths with a stronger link length hierarchy, whereas the
dry basin (AI = 5.4, MAP ∼ 352 mm) shows a more branched topology (smaller c‐value = 1.6), featuring
relatively smaller link lengths.

The schematic in Figure 4c illustrates the quantification of the rate of aggregation using the slope of the
hydrograph between the time to achieve minimal dynamic connectivity (TDCmin ) and maximal dynamic con-
nectivity (TDCmax ). We define two slopes: SDCmin, representing the rate of aggregation from the start of flux
propagation from sources until attaining DCmin; and SDCmax describing the rate of flux aggregation between the
times whenDCmin andDCmax are achieved. Since rainfall here is assumed to be spatially uniform and lasting until
TDCmax, the time to peak discharge occurs at TDCmax, with peak discharge being the total number of nodes in the
network contributing to the outlet.

Figures 4d and 4e show the calculated TDCmin, TDCmax, and ΔT, along with the corresponding rates of aggregation as
a function of time for the two representative basins shown in Figures 4a and 4b. Since both networks have similar
main‐channel length, their TDCmax values are comparable (∼4 km), whereas the TDCmin of the humid basin (778 m)
is greater than that of the dry basin (497 m). This difference arises from the longer channel links in the humid
basin compared to the dry one, despite the former having greater side‐branching. Thus, for DCmin, geometry (link
lengths) acts as the dominant control rather than topology. Relatively higher values for TDCmin are observed in
humid basins compared to dry basins, although the distribution of TDCmax is similar (see Figure 4i and Figure S3 in
Supporting Information S1). Minimum flow connectivity plays a crucial role in linking aquatic habitats and
supporting the survival of aquatic species (Rodriguez‐Iturbe et al., 2009; Roy et al., 2022). In dry climates,
maintaining such connectivity can be challenging; however, shorter link lengths reduce TDCmin, which may help
sustain habitat connectivity even during dry periods.

Although TDCmax is similar for both basins, indicating that maximal dynamic connectivity is achieved at nearly the
same time, the rates at which these peaks are achieved (indicated by SDCmin and SDCmax) differ depending on the
network structure and climate. We quantify the slopes SDCmin and SDCmax from the normalized hydrographs, where
discharge is normalized based on the total number of nodes and the time is normalized based on TDCmax. For
normalized hydrographs, a lower SDCmin and larger SDCmax would represent an overall faster rate of flux accu-
mulation at the outlet, whereas the opposite case would represent a more gradual increase in discharge. Figure 4f
shows the normalized hydrographs for the two sample basins shown in Figures 4a and 4b, highlighting that the
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humid basin exhibits a larger SDCmin and a smaller SDCmax than the dry basin, indicative of a slower rate of flux
aggregation and a more gradual rise toward peak discharge. This pattern arises from stronger side‐branching,
which distributes fluxes over longer pathways and delays their convergence. In contrast, the dry basin, which has
more branching and less geometric organization (i.e., hierarchy), shows slightly smaller SDCmin and steeper SDCmax,
implying relatively faster flux aggregation.

The probability distributions of SDCmin and SDCmax computed for all 100 natural basins are shown in Figures 4g and
4h respectively, indicating that, on average humid basins have higher SDCmin reflecting the higher TDCmin in humid
basins (see also Figure S3 in Supporting Information S1), and smaller SDCmax highlighting their slower but more
buffered hydrologic response compared to dry networks. The faster increase in flux accumulation can also be
associated with the tendency for flash floods, which are more common in arid and semi‐arid regions. Therefore,
the more branched geometry of channel link lengths may contribute to this enhanced flash‐flooding behavior. The
above results demonstrate that topology dictates the overall shape and timing of the flux aggregation curve, while
geometry primarily influences the rate at which initial minimal flow connectivity is achieved. These findings
collectively highlight that the interplay between topology and geometry governs not only the timing but also the
efficiency of dynamic connectivity, setting the foundation for understanding how climatic factors influence real‐
world basin responses, as climate has distinct signatures on the topology and geometry of natural networks. We

Figure 4. The variation in the rate of aggregation across climatic regimes. Panels (a, b) represent two sample basins with similar drainage area and TDCmax drawn from dry
(AI = 5.4) and humid (AI = 0.70) climates, respectively. (c) Schematic for quantification of rate of aggregation (hydrograph) using slope SDCmin and SDCmax. (d–e)
Hydrographs for the two basins shown in (a) and (b), respectively, highlighting the timing of dynamic connectivity. (f) Normalized hydrographs for the two sample basins.
(g–i) Probability distributions (kernel density estimate) of SDCmin, SDCmax and TDCmax, respectively, calculated for 50 dry and 50 humid basins. This highlights differences in
slope values despite the fact that both dry and humid basins have nearly similar TDCmax distribution. Vertical dashed lines in (g–i) represent the mean.
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note that the present dynamic connectivity framework can be further extended to incorporate other important
factors, including variations in channel width and depth, channel bed slope, spatio‐temporal variability in stream
flow velocities, and heterogeneous rainfall patterns. Additionally, the analysis presented here focuses on rela-
tively small basins, and extending it to large basins (e.g., Mississippi River Basin) could provide further insights
into the hierarchical behavior of link lengths across varying hydro‐climatological, geological, and environmental
regimes.

4. Summary and Concluding Remarks
We examined how river network topology and geometry jointly govern the evolution of dynamic
connectivity—the process by which fluxes progressively link and aggregate as they move downstream. Extending
the dynamic cluster framework of Roy et al. (2022), we incorporated geometric variability of link lengths to
distinguish between the onset of minimal dynamic connectivity (TDCmin ) and the attainment of maximal dynamic
connectivity (TDCmax ).

Our results show that link lengths are hierarchically distributed with stream order, and this geometric hierarchy
primarily controls the time to minimal flow connectivity. In contrast, network topology, especially the degree of
side‐branching, governs the duration between minimal and maximal flow connectivity (ΔT). Randomized‐link
experiments confirm that removing link‐length hierarchy eliminates basin‐to‐basin variability in ΔT, isolating
geometric effects.

Analysis of 100 natural basins across climatic zones further supports these findings: humid basins, with a stronger
link‐length hierarchy and greater side‐branching, exhibit delayed minimal flow connectivity and slower flux
aggregation compared to dry basins. Together, these results demonstrate that dynamic connectivity arises from
the coupled influence of network topology and geometry, offering a mechanistic explanation for how climate and
drainage structure jointly modulate flood timing and flux transport.

Overall, the dynamic connectivity framework presented here provides a quantitative and physically intuitive way
to understand how fluxes propagate through branching systems. By explicitly separating the effects of topology
and geometry, this approach offers practical guidance for both interpreting natural landscape organization and
designing engineered drainage systems. For instance, in new or restored landscapes, the desired hydrologic
response—whether rapid drainage or delayed connectivity—can be achieved by tuning the network's branching
configuration and link‐length hierarchy. Networks with stronger side‐branching and a stronger link length hi-
erarchy in stream orders can be used to slow down and delay flux aggregation, which is desirable in urban
stormwater systems or flood‐prone catchments. Conversely, more branched topologies with a milder link length
hierarchy would promote rapid connectivity and efficient transport, suitable for agricultural or engineered sys-
tems requiring faster drainage. Beyond hydrology, this framework can also inform ecological and geomorphic
design by linking spatial network properties to the timing and rate of connectivity, thus offering a unified tool for
analyzing and optimizing both natural and artificial transport networks.
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