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Abstract 30 

We developed Bayesian statistical approaches to assess non-perennial stream network 31 

connectivity. Our new methods allow: 1) consideration of changes to both local (stream segment) 32 

and global (stream network) connectivity over time, 2) incorporation of prior information from 33 

different data sources, and 3) straightforward computation of the posterior distributions of both 34 

active stream length and a new metric called communication distance. Communication distance 35 

measures the effective stream length for the movement of materials, including water and solutes, 36 

from upstream to downstream sites. Communication distance posteriors require the inverse-beta 37 

probability density function whose form had not been previously derived. The inverse-beta 38 

distribution can be used to represent the rarity of surface water presence compared to a perennial 39 

stream, thus clarifying bottlenecking propensities for stream segments. As an application, we 40 

considered Murphy Creek, a simple stream network in southwestern Idaho, USA. Our models 41 

used surface water presence/absence data from 2019, and priors based on existing regional 42 

USGS model predictions for surface water. Murphy Creek probabilities for surface water 43 

presence were heterogeneous in space and time, and were likely driven by fine-scale spatial 44 

variations in shallow subsurface hydraulic conductivity. Strong seasonal (spring, summer, fall) 45 

temporal differences were evident in network-level posterior distributions of both stream length 46 

and communication distance. Specifically, stream lengths were shorter and more variable in the 47 

summer and fall than in the spring. The novel communication distance posteriors were 48 

multimodal, platykurtic, and negatively skewed for spring, summer and fall, respectively, 49 

revealing bottlenecking effects that varied over time.   50 

 51 

1 Introduction 52 

Non-perennial streams comprise over half of the global river network (Messager et al., 2021), 53 

are increasing in their spatial and temporal distribution (Zipper et al. 2021; Sauquet 2021), and 54 

strongly influence global water quantity and quality (Datry et al. 2014). Realization of the 55 

importance of non-perennial streams to large-scale hydrological, ecological, and biogeochemical 56 

processes has prompted increased study of these systems (Fovet et al., 2021). Nonetheless, 57 

characterization of non-perennial stream spatiotemporal dynamics remains challenging 58 

(Shanafield et al. 2021), inhibiting a clear understanding of linkages between stream drying and 59 

water quality.  60 

Decreased stream connectivity from drying may affect water quality by preventing 61 

surface transport of materials. Numerous stream connectivity metrics exist (see reviews in Ali & 62 

Roy 2010, Bracken et al. 2013, Blume & Van Meerveld 2015) due in part to myriad perspectives 63 

concerning hydrologic connectivity (Ali & Roy 2009). These methods, however, have limitations 64 

for describing non-perennial streams. For example, several common measures of stream 65 

connectivity are time invariant due to their reliance on Cartesian grid relationships (e.g., Larsen 66 

et al. 2012, Trigg et al. 2013), or topography and drainage area (e.g., Jensco et al. 2009, 67 

Prancevic & Kirchner 2019). Thus, these measures may poorly describe non-perennial stream 68 

networks whose extent will vary in both time and space. Further, other stream connectivity 69 

measures, including those based on distances between “wet” locations (e.g., Western et al 2001, 70 

Ali and Roy 2010), or spatial autocorrelation structures (e.g., Knudby & Carrerra 2005, Ali & 71 

Roy 2010), provide only network-scale descriptions.  Thus, these methods do not consider drying 72 

patterns at the scale of individual stream segments. This latter deficiency is particularly 73 



 

problematic in non-perennial streams because certain stream locations (e.g., surface flow 74 

bottlenecks) may have inordinately large effects on stream networks (Godsey and Kirchner 2014; 75 

Zipper et al. 2022a).    76 

The variability of surface flow in non-perennial streams has driven the development and 77 

application of probabilistic models for surface water presence, often at watershed or larger 78 

spatial scales. These approaches include hidden Markov chain models based on stream 79 

temperature and conductivity (Arismendi et al. 2017), logistic models based on intermittency 80 

sensors and spatial data (Kaplan et al. 2020), and random forest classifications from remotely 81 

sensed geographic information system data (Sando and Blasch 2015, González‐Ferreras and 82 

Barquín 2017, Jaeger et al. 2019). Recently, Botter & Durighetto (2020) developed a probability 83 

density function (PDF) approach to define distribution of stream network length, called the 84 

stream length duration curve (SLDC). A SLDC depicts the distribution of the “active” fraction of 85 

a stream network (i.e., the portion with surface flow), and provides the inverse of the exceedance 86 

probability of the total length of active streams for any outlet discharge. While these probabilistic 87 

approaches are commendable, they generally hold to a frequentist viewpoint which assumes a 88 

single “true” value for the probability of water presence at a stream segment. This view ignores 89 

diel and seasonal variation in the probability of stream segment water presence, and more 90 

importantly, prevents assessments of uncertainty and variability in probability designations.  91 

Many sources of information concerning wetting and drying patterns may exist for a 92 

stream network, potentially based on multiple spatiotemporal scales and sampling schema. For 93 

example, it is possible that at a single watershed, stream surface flow has been: 1) modelled as 94 

part of subcontinent-scale research projects (e.g., USGS-PROSPER; Jaeger et al. 2019), 2) 95 

categorized into presence/absence outcomes at locations occasionally visited by local agencies or 96 

researchers, and 3) measured at a small number of locations using high-frequency intermittency 97 

sensors over days to years. Such prior information can be formally assimilated into Bayesian 98 

statistical analyses to inform and refine models based on current data (Gelman et al., 2014). 99 

Weights can also be assigned to a prior based on data quality and the agreement of measurement 100 

scales of prior and current data. The resulting Bayesian posterior distribution allows 101 

straightforward assessments of variability and uncertainty in modelled phenomena. This 102 

approach seems particularly useful for depicting the probability of surface water presence in non-103 

perennial streams, given the importance of quantifying central tendency and variation in this 104 

probability.                105 

In this paper we develop Bayesian statistical methods to measure stream network 106 

connectivity that allow: 1) global (entire network) and local (stream segment) descriptions, 2) 107 

explicit consideration of the variability and uncertainty in probabilities of surface water presence, 108 

and 3) inclusion of prior information concerning probabilities of surface water presence. We also 109 

introduce a new metric called communication distance that quantifies the extent to which a 110 

stream segment or network blocks material transfer from upstream to downstream locations. 111 

Communication distance may improve understanding of the balance of transport, storage and 112 

reaction limitations within non-perennial networks and their downstream waters, whether they 113 

dry or not. Development of the communication distance metric prompted the first reported 114 

derivation of the inverse-beta distribution and its moments which we provide here.  115 
 116 



 

2. Theoretical Foundation 117 

2.1 Streams as graphs 118 

For the sake of clarity and consistency, we consider non-perennial stream networks from the 119 

perspective of graph theory. A digraph (directed graph) is an ordered pair 𝐷 = (𝑁, 𝐴), where 𝑁 120 

is a set of nodes and 𝐴 is a set of arcs that link the nodes.  If 𝑎 ∈ 𝐴 is an arc with flow from node 121 

𝑢 to node 𝑣, we denote this as 𝑎 = 𝑢𝑣ሬሬሬሬ⃗ , indicating that node 𝑢 is the tail of arc 𝑎 and 𝑣 is the 122 

head of 𝑎. Aho et al. (2023) showed that directed acyclic graphs (DAGs) can be used to 123 

effectively depict stream networks. In a stream DAG, arcs can represent stream segments 124 

bounded by nodes at hydrologically meaningful locations such as sensor sites, confluences, 125 

splits, sources and sinks (Dodds and Rothman 2000, Rinaldo et al. 2006). A graph cycle occurs 126 

when a path starts and ends at the same node.   127 

A digraph is strongly connected or strong if every node is reachable from every other node. A 128 

digraph is weakly connected if every node is reachable after replacing all oriented arcs with 129 

bidirectional arcs.  In a disconnected digraph, nodes will remain isolated, even with bidirectional 130 

arcs. Thus, stream networks will be weakly connected under flowing conditions, and non-131 

perennial streams will transition from weakly connected to disconnected digraphs as they dry 132 

(Fig 1).   133 
 134 

 135 

 136 

 137 

 138 

Figure 1. Conceptual DAG representation of a non-perennial stream through a representative 139 

drying event.  From left to right, a fully wetted network with 15 nodes and 14 arcs (stream 140 

segments) dries to a network with only six arcs over time.  141 

To increase the realism and usefulness of stream DAGs, weights can be overlain on arcs 142 

or nodes to represent physical stream properties including discharge, measured stream lengths, 143 

and/or probabilities of surface flow presence (Ort et al. 2009, Liu et al. 2022).  The SLDC 144 

approach (Botter & Durighetto 2020) noted above, can be viewed as a weighted DAG 145 



 

representation of a stream network, with arcs weighted by the product of in-stream distance and 146 

the probability of surface water presence. 147 
 148 

2.2 The Stream Length Duration Curve (SLDC) approach 149 

In this section we briefly review the SLDC framework of Botter & Durighetto (2020), 150 

highlighting potential extensions and refinements.  Let 𝑿 = be a series of m Bernoulli random 151 

variables, 𝑋ଵ, 𝑋ଶ, … , 𝑋௠ representing surface water presence or absence at arcs (segments) in a 152 

stream network at the same point in time. Then, for the kth arc, 𝑘 = 1, 2, 3, … , 𝑚, we have: 153 

𝑓(𝑥௞) =  𝑝௞
௫ೖ(1 − 𝑝௞)ଵି௫ೖ          (1) 154 

where pk is the probability that the kth arc is wet, and 155 

𝑥௞ = ൜
1  if stream arc is wet
0  if stream arc is dry . 156 

Under its Bernoulli constraints, the mean and variance of Xk are 157 

𝐸(𝑋௞) = 𝑝௞ , and 158 

𝑉𝑎𝑟(𝑋௞) = (1 − 𝑝௞)𝑝௞ .  159 

Jointly, X is a multivariate Bernoulli random variable, with probability density function (Dai et 160 

al. 2013):  161 

𝑓(𝒙) =  𝑝଴,଴,…,଴

∏ (ଵି௫ೖ)೘
ೖసభ 𝑝ଵ,଴,…,଴

௫భ ∏ (ଵି௫ೖ)೘
ೖసమ 𝑝଴,ଵ,…,଴

(ଵି௫భ)௫మ ∏ (ଵି௫ೖ)೘
ೖసయ ⋯ 𝑝ଵ,ଵ,…,ଵ

∏ ௫ೖ
೘
ೖసభ .          (2) 162 

where pabc..z is the joint probability of X1 = a, X2 = b, X3 = c, … , Xm = z and 𝒙 = (𝑥ଵ, 𝑥ଶ, … 𝑥௠) is a 163 

realization of X.   164 

Let 𝛥𝑙 be an ordered vector of individual stream lengths for the set of fully wetted arcs: 165 

Δ𝑙 = Δ𝑙ଵ, Δ𝑙ଶ, … , Δ𝑙௠, corresponding to binary surface water presence/absence outcomes in 𝑿. 166 

Then, the dot product (sum of element-wise vector products), is a random variable, L, 167 

representing active stream network length:    168 

𝐿 = 𝑿 • 𝛥𝑙 .                                                                    (3) 169 

The resulting mean active stream network length is 170 

𝐸(𝐿) = ෍ 𝑝௞

௠

௞ୀଵ

𝛥𝑙௞ ,   171 

(4) 172 

and the active stream network length variance is 173 

𝑉𝑎𝑟(𝐿) = ෍ ෍ 𝐶

௠

௝ୀଵ

௠

௜ୀଵ

𝑜𝑣൫𝐿௜ , 𝐿௝൯. 174 

(5) 175 

where 𝐶𝑜𝑣൫𝐿௜ , 𝐿௝൯ denotes the covariance between stream lengths 𝐿௜ and 𝐿௝. Note that for 𝑘 =176 

𝑖 = 𝑗, 𝐶𝑜𝑣(𝐿௞ , 𝐿௞) is the 𝑘th arc variance, 𝑉𝑎𝑟(𝐿௞) = 𝛥𝑙௞
ଶ[𝑝௞(1 − 𝑝௞)]. This term will be the 177 



 

𝑘th diagonal entry in the variance covariance matrix for 𝐿, denoted 𝚺𝑳. We refer to the approach 178 

defined in Eqs 1-5 as Bernoulli stream length due to its reliance on multivariate Bernoulli 179 

random variables. That is, Eq. 4 denotes the mean Bernoulli stream network length and Eq. 5 180 

represents the variance of the Bernoulli stream network length. 181 

Following Botter & Durighetto (2020), we recommend that all 𝑝௞𝑠 be estimated using 182 

arithmetic means: �̂�௞ = 𝑛ିଵ ∑ 𝒙௞, where 𝒙௞ denotes binary surface water presence/absence data, 183 

taken over n trials, from the 𝑘th arc. Thus, we use X to represent a multivariate Bernoulli random 184 

variable signifying the presence/absence of surface water across the m arcs in space, i.e., 𝑿 =185 
(𝑋ଵ, 𝑋ଶ, … 𝑋௠), x to represent a realization of X at one particular point in time 𝒙 =186 
(𝑥ଵ, 𝑥ଶ, … 𝑥௠), and 𝒙௞ to denote multiple Bernoulli outcomes from the kth arc over time: 𝒙௞ =187 

൫𝑥௞,ଵ, 𝑥௞,ଶ, … 𝑥௞,௡൯.  This notation allows tracking of stream arc outcomes in both time and space. 188 

As noted above, for individual time events, 𝑥௞ ∈ {0,1}.   189 

Botter & Durighetto (2020) considered stream arc (segment) presence and stream arc 190 

lengths for upstream and downstream locations from a single node of interest. To allow 191 

extension of graph theory generalities, however, we recommend considering the 192 

presence/absence of surface water at arcs with respect to their bounding nodes. This approach 193 

clarifies delineation of the endpoints of stream arcs, and allows multiple estimation points for 194 

average arc surface water presence at a particular time. This approach prevents straightforward 195 

extension of node-based Bernoulli binary outcomes to arc presence/absence because the behavior 196 

of an arc’s bounding nodes may not be identical. This issue, however, can be addressed using 197 

simulation approaches (see § 3.2 and Supplemental Materials S3). 198 

Entries in 𝚺𝑳 can be estimated with conventional method of moments-based variance and 199 

covariance estimators (see Aho 2014), using observed data, although pairwise correlations 200 

(standardized covariances) for arcs 𝑖 and 𝑗 should have the bounds (Botter & Durighetto, 2020): 201 

𝜌௜,௝
௠௔௫ = ඨ

𝑝௝(1 − 𝑝௜)

𝑝௜൫1 − 𝑝௝൯
≤ 1 203 

    (6) 202 

where  𝑝௝ ≤ 𝑝௜, and 204 

𝜌௜,௝
௠௜௡ = ቆ

𝑝௝𝑝௜

(1 − 𝑝௜)𝑖൫1 − 𝑝௝൯
ቇ

ఉ

≥ −1 206 

                                                   (7) 205 

where 𝛽 = 1/2 if 𝑝௜ + 𝑝௝ ≤ 1 and 𝛽 = −1/2 otherwise. Generalized covariance frameworks 207 

appropriate for stream networks can also be applied (see Cressie et al., 2006; Ver Hoef et al., 208 

2006).   209 

Botter and Durighetto (2020) present the distribution of L in terms of exceedance 210 

probabilities (one minus the cumulative distribution function of L).  The inverse of this sigmoidal 211 

function represents the final form of the SLDC, in reflection of the widely-used flow duration 212 

curve (Castellarin 2004).  Botter and Durighetto (2020) further consider stream hierarchical 213 

structures by ordering stream segments by their persistency and recognize the utility of 214 

hierarchical Bayesian perspectives in these efforts, but do not present components required for 215 



 

Bayesian analyses, including likelihood functions, priors, and hyperparameter designations.  216 

Below we consider formal Bayesian approaches for modelling the probability of stream segment 217 

presence in non-perennial streams.        218 

 219 

2.3 Modeling the probability of surface water – Bayesian extensions to the SLDC 220 

Several approaches can be used to represent the probability of surface water presence at the 𝑘th 221 

arc (segment) as a random variable, 𝜃௞. One possibility is to define 𝜃௞ as a beta random variable 222 

with a mean equivalent to an estimated probability of surface water presence, �̂�௞. Under this 223 

approach, the distribution of 𝜃௞ can be defined using only the first beta distribution shape 224 

parameter, 𝛼.  Specifically, let 225 

𝜃௞ ∼ 𝐵𝐸𝑇𝐴(𝛼, 𝛽 = 𝑟𝛼)     (8) 226 

for some 𝛼 >  0, where 
ଵ

ଵା௥
 is equal to the estimated probability of surface water presence, �̂�௞, 227 

and, as a result 𝑟 =
ଵି௣ොೖ

௣ොೖ
. Then, 228 

𝐸(𝜃௞) =
𝛼

𝛼 + 𝛽

=
𝛼

𝛼 + 𝑟𝛼

=
1

1 + 𝑟
= �̂�௞ .

 229 

This approach can be applied within the Bayesian framework: 230 

𝑓(𝜃௞|𝒙௞) ∝ 𝑓(𝒙௞|𝜃௞)𝑓(𝜃௞)                                                         (9) 231 

 232 

where 𝑓(𝜃௞|𝒙௞) is the posterior density function for the probability of surface water at the 𝑘th 233 

stream segment, given n observed binary presence/absence outcomes from the 𝑘th segment. As 234 

before, 𝒙௞ = ൫𝑥௞,ଵ, 𝑥௞,ଶ, … 𝑥௞,௡൯. In this application, 𝑓(𝒙௞|𝜃௞) would conventionally be 235 

represented as a binomial likelihood function, describing the likelihood of surface water presence 236 

from the 𝑘th stream segment over time, given probabilities of surface water presence, 𝜃௞. That 237 

is, 𝒙௞|𝜃௞ ∼ 𝐵𝐼𝑁(𝑛, 𝜃௞). Given this likelihood family, it is expedient to employ conjugate beta 238 

prior distributions, 𝜃௞ ∼ 𝐵𝐸𝑇𝐴(𝛼, 𝛽), resulting in posteriors that are also beta distributed. 239 

Conjugacy is useful in Bayesian analyses because the posterior distribution will have a known 240 

parametric form (Gelman et al. 2014, pg. 34), allowing straightforward summarization of the 241 

posterior, and diminishing the need for complex numerical procedures, including Markov Chain 242 

Monte Carlo (MCMC) approaches.   243 

Conventional naïve beta priors include 𝐵𝐸𝑇𝐴(1,1),  𝐵𝐸𝑇𝐴(0.5,0.5), i.e., the Jeffreys 244 

prior, and 𝐵𝐸𝑇𝐴 (0, 0). All three priors attribute equal degrees of belief to wet and dry stream 245 

outcomes. In fact, the 𝐵𝐸𝑇𝐴(1,1) prior will give equal densities (of one) to all possible 246 

probabilities of surface water presence in the interval (0,1). The three distributions, however 247 



 

connote decreasing effective prior sample sizes, and thus decreasing overall weights for the prior 248 

compared to the current data. The prior distribution with the smallest effective sample size, 249 

𝐵𝐸𝑇𝐴(0, 0), results in a posterior whose mean will equal the arithmetic mean of the current data, 250 

although in this case a proper posterior (one with a finite integral) requires that at least one water 251 

presence and one water absence outcome are actually observed.  252 

Informative beta priors can also be used depending on the availability and quality of prior 253 

information that is extraneous to current data used in the likelihood.  As noted above, 254 

informative beta priors for 𝜃௞ can be defined in which 𝐸(𝜃௞) is a prior estimate of the probability 255 

of surface water presence at the kth arc (Eq. 8).  Our particular application of this approach is 256 

described in Section 3.2.1.  257 

Given beta priors and binomial likelihoods, the posterior density function will have the 258 

form 𝜃௞|𝒙௞~ 𝐵𝐸𝑇𝐴(𝛼 + ∑ 𝒙௞ , 𝛽 +  𝑛 − ∑ 𝒙௞) where 𝛼 and 𝛽 are values defined for the beta 259 

distribution shape hyperparameters in the prior.  Under linear transformation, the posterior 260 

distribution for the length of the 𝑘th arc can be obtained by multiplying the 𝜃௞|𝒙௞ posterior by 261 

the constant 𝛥𝑙௞. A Bayesian depiction of the average stream length for the entire network can be 262 

obtained by taking the sum of the product E(𝜃௞|𝒙௞) ∙ 𝛥𝑙௞, across all segments  This general 263 

approach is also well suited for communication distance, discussed next. 264 

 265 

2.4 Communication distance 266 

The concept of stream length may be non-informative or even misleading with respect to the 267 

internodal communication and transport of materials. For example, for spatially adjacent nodes 𝑢 268 

and 𝑣, the drying of the connecting stream arc means that the distance from 𝑢 to 𝑣 with respect 269 

to surface transport of flow-borne organisms and resources has become infinite, although the 270 

Bernoulli stream length for the arc is zero. To measure resource transport constraints within 271 

stream networks we propose a new metric, communication distance, denoted 𝐶. Following Botter 272 

& Durighetto (2020) we represent stream arc lengths using 𝛥𝑙௞ ∈ {𝛥𝑙ଵ, 𝛥𝑙ଶ, … , 𝛥𝑙௠}, and 273 

corresponding probabilities for surface water presence as 𝑝௞ ∈ {𝑝ଵ, 𝑝ଶ, … , 𝑝௠}. Then the 274 

communication distance of the kth arc is: 275 

𝐶௞   =
Δ𝑙௞

𝑝௞
 276 

and the network communication distance is: 277 

𝐶 = ෍ 𝐶௞

௠

௞ୀଵ

. 279 

       (10) 278 

Given all 𝑝௞ = 1, the network communication distance will equal network the Bernoulli 280 

stream length, which in this case will be ∑ 𝛥௠
௞ୀଵ 𝑙௞. Given any 𝑝௞ = 0, the network 281 

communication distance becomes ∞.   Clearly, however, for any arc k to be correctly defined as 282 

a stream segment, ∀𝑝௞ > 0 over an extended time span, making 𝐶 < ∞.  For 0 < 𝑝௞ ≤ 1, the 283 

network communication distance will be ∑ 𝛥௠
௞ୀଵ 𝑙௞  C < ∞.    284 



 

As noted earlier, when considering random variability in 𝑝௞, the posterior distribution of 285 

𝐸(𝐿௞) can be obtained as the product of the kth beta posterior for the probability of surface water 286 

presence and the kth stream length. Acquisition of the posterior distribution of 𝐸(𝐶௞) is less 287 

straightforward, however, because this requires multiplication of the kth stream length by the 288 

multiplicative inverse of the kth beta posterior. 289 

If 𝑌௞ follows a beta distribution then 𝑌௞
ିଵ will follow an inverse-beta distribution. Prior to 290 

our efforts this distribution had not been derived, although as a practical matter it is 291 

straightforward to obtain inverse-beta outcomes from existing computer algorithms (e.g., 292 

1/rbeta() in the R computational environment). Mathematical derivations of the inverse-beta 293 

distribution and its moments are given in the Supplementary Materials, Appendix S1.   294 

 295 

If 𝑌௞ ∼ 𝐵𝐸𝑇𝐴(𝛼, 𝛽), with 𝛼, 𝛽 > 0, then 𝑌௞
ିଵ ∼ 𝐵𝐸𝑇𝐴ିଵ(𝛼, 𝛽) with PDF: 296 

𝑓(𝑦௞
ିଵ) =

𝛤(𝛼 + 𝛽)

𝛤(𝛼)𝛤(𝛽)
ቆ

1

𝑦௞
ିଵቇ

ఈାଵ

ቆ1 −
1

𝑦௞
ିଵቇ

ఉିଵ

, 298 

  (11) 297 

mean, 299 

𝐸(𝑌௞
ିଵ) =

𝛼 + 𝛽 − 1

𝛼 − 1
, 301 

 (12) 300 

and variance 302 

𝑉𝑎𝑟(𝑌௞
ିଵ) =

(𝛼 + 𝛽 − 1)

𝛼 − 1
⋅

𝛽

(𝛼 − 1)(𝛼 − 2)
. 304 

   (13) 303 

As suggested above, the inverse beta distribution can be used to represent distributions of 305 

reciprocal probabilities which will occur in (1, ∞], given probabilities in (1,0].  Reciprocal 306 

probabilities are useful for measuring the rarity of outcomes.  Specifically, the reciprocal 307 

probability, r, for an outcome A, indicates that there is a 1 in r chance that A will occur.  For 308 

instance, if the probability of surface water presence is 0.01, then one would expect that surface 309 

water will occur in 1 of 100 cases, because r = 1/0.01 = 100.  310 

Let (𝜃௞|𝒙௞)ିଵ be an inverse beta posterior distribution of the reciprocal probability of 311 

surface water presence at the kth arc, then the posterior mean communication distance for the 𝑘th 312 

arc is: 313 
 314 

𝐸(𝐶௞) = 𝛥𝑙௞𝐸[(𝜃௞|𝒙௞)ିଵ], 316 

     (14) 315 

and the posterior average network communication distance is: 317 

𝐸(𝐶) = ෍ 𝛥

௠

௞ୀଵ

𝑙௞𝐸[(𝜃௞|𝒙௞)ିଵ]. 319 

     (15) 318 



 

The posterior communication distance variance of the 𝑘th arc is: 320 

𝑉𝑎𝑟(𝐶)  =  𝛥𝑙௞
ଶ𝑉𝑎𝑟[(𝜃௞|𝒙௞)ିଵ], 322 

     (16) 321 

and the posterior communication distance variance of the entire network is: 323 

𝑉𝑎𝑟(𝐶) = ෍ ෍ 𝐶

௠

௝ୀଵ

௠

௜ୀଵ

𝑜𝑣൫𝐶௜ , 𝐶௝൯ 325 

(17) 324 

where 𝐶𝑜𝑣൫𝐶௜ , 𝐶௝൯ denotes the covariance between communication distances 𝐶௜ and 𝐶௝.  For 𝑘 =326 

𝑖 = 𝑗, 𝐶𝑜𝑣(𝐶௞ , 𝐶௞) is the 𝑘th marginal variance, 𝑉𝑎𝑟(𝐶௞). 327 

3 Materials and Methods 328 

3.1 Field site and field methods 329 

We derived Bernoulli stream length and communication distance summaries for Murphy Creek, 330 

a simple drainage system within the larger Reynolds Creek experimental watershed in the 331 

Owyhee Mountains of southwestern Idaho, USA (Fig. 2; Warix et al., 2021). Measures of stream 332 

surface presence were made at 25 nodes, corresponding to 24 stream arcs. We designated 333 

additional (un-instrumented) graph nodes at the outlet and at two stream sources, resulting in a 334 

total of 27 nodes and 26 arcs. At 21 nodes, surface water presence was measured with sensors 335 

(Onset HOBO Pendant/Light 64 K Datalogger sensors (UA002-64) that were modified to detect 336 

resistivity (Chapin et al., 2014). The resistivity sensors were located in the deepest part of the 337 

channel and installed so that the two pole electrodes were touching the stream bed and thus able 338 

to detect the presence or absence of water at the lowest of flow conditions. At four other sites, 339 

stream specific conductivity was used to detect water levels for baseflow monitoring, allowing 340 

detection of the absence of stream surface water presence (Fig. 2). These measures were obtained 341 

with HOBO pressure transducers (Onset Hobologger, U-24). Surface water presence/absence 342 

was determined every 15 minutes from 6/3/2019 to 10/2/2019. Additional details can be found in 343 

Warix et al. (2021).  344 

 345 



 

 346 

Figure 1.  Instrumentation of the Murphy Creek sub-watershed in 2019 (outlet coordinates: 347 

43.25607, -116.8186) and summary of flow presence over the seasonal recession at each 348 

sensor. 349 

 350 

3.2 Statistical methods 351 

We created inferential models of Bernoulli stream length and network communication distance at 352 

Murphy Creek based on the entirety of the sampling period, and on three seasonal subsets: spring 353 

(6/3/2019 - 7/10/2019), summer (7/11/2019 - 9/14/2019), and fall (9/15/2019 - 10/2/2019). 354 

Seasonal cutoffs were established subjectively at dates representing approximate change points 355 

in precipitation and temperature, following examination of long-term (1964-1996) climate trends 356 

for the study area (Hanson et al. 2001) for days of the year corresponding to the 2019 sampling 357 

period (early June to Early October). Probabilities of the presence of surface water at arcs were 358 

calculated, based on the dry/wet conditions of their bounding nodes over the entire sampling 359 

period or during periods representing spring, summer and fall. Specifically, for the kth arc with 360 

bounding nodes u and v, for the ith time frame, 𝑖 = 1,2,3, … , 𝑛, we applied the following rule to 361 

obtain arc outcomes from our nodal sensor datasets: 362 

 363 



 

𝑥௞,௜  = ൝

1.0, both 𝑢 and 𝑣 wet 
0.0, both 𝑢 and 𝑣 dry
0.5, only one of 𝑢 or 𝑣 wet

. 364 

(18) 365 

Marginal (individual arc) probabilities of surface water presence and covariances among arcs 366 

were both estimated using these derived arc outcomes. Exceptions were the three arcs associated 367 

with input and sink locations, whose extremal nodes were not instrumented (Fig. 2). In this case, 368 

surface water outcomes were based on water presence/absence outcomes at the nearest measured 369 

node.   370 

We used the R package mipfp (Barthélemy & Suesse, 2018) to generate multivariate 371 

Bernoulli trials for water presence at arcs based on estimated arc marginal probabilities of water 372 

presence and inter-arc covariances. Specifically, we generated 1000 random multivariate 373 

Bernoulli trials, each made up of  m = 26 potentially correlated binary outcomes, representing the 374 

simultaneous presence or absence of surface stream flow at each of the 26 designated Murphy 375 

Creek stream arcs. We applied this step using estimates from data for the entire sampling period, 376 

and for separate data subsets representing spring, summer, and fall. We used this simulation 377 

approach to address the issue of potential non-binary outcomes resulting from Eq. 18, and the 378 

fact that surface water presence at arcs is often positively correlated in both space and time. Our 379 

approach allowed generation of large arc surface water presence or absence datasets made up of 380 

temporally independent (random) samples representative of particular spans of time, i.e., the 381 

entire sampling period, spring, summer, and fall, based on the estimated marginal probabilities 382 

for stream segment presence and the estimated spatial dependencies of arcs during those periods 383 

of time. We randomly sampled with replacement with a sample size of 𝑛 = 10 from the 384 

collections of random multivariate Bernoulli outcomes 10000 times, for the entire sampling 385 

period, and for each season, and used the numbers of successes (i.e., surface water presence 386 

outcomes) from those ten trial simulations as multivariate binomial outcomes in subsequent 387 

analyses. We note that the sample size used was largely irrelevant from the perspective of 388 

Bayesian inference. This is because we defined the prior effective sample size to be a fixed 389 

proportion of the data sample size, for any n (see § 3.2.1 below, and additional considerations in 390 

§ 5.4).   391 

 392 

3.2.1 Bayesian methodology  393 

Under our Bayesian framework, simulated binomial data outcomes obtained from mipfp 394 

algorithms were coupled with beta priors to obtain beta posteriors. Informative beta priors were 395 

defined (see Eq 8) to have a mean corresponding to the 2004-2016 average from the Probability 396 

of Streamflow Permanence model (PROSPER; Jaeger et al. 2019), as reported for Murphy Creek 397 

stream segments by the United States Geological Survey (USGS) StreamStats web-based 398 

application (USGS, 2016). The PROSPER model uses a random forest classifier to estimate the 399 

probability of surface water for a large number of stream networks and associated stream 400 

segments in the Pacific Northwest, USA (Jaeger et al. 2019).      401 

The effective sample size for a beta prior is the sum of its hyperparameters, 𝛼 and 𝛽, 402 

whereas the effective sample size for the data is n (Morita et al., 2008). We defined the prior 403 

hyperparameters so that effective sample size for the prior was a fixed proportion, w, of n.  That 404 



 

is, we let: 𝛼 + 𝛽 = 𝑤 ⋅ 𝑛.  Because the parameterization for our priors was 𝜃௞ ∼ 𝐵𝐸𝑇𝐴(𝛼, 𝛼𝑟), 405 

where 𝑟 =
ଵି௣ොೖ(೛ೝ೚ೞ೛೐ೝ)

௣ොೖ(೛ೝ೚ೞ೛೐ೝ)
, this required that 𝛼 + 𝛼 ⋅ 𝑟 = 𝑤 ⋅ 𝑛, resulting in:  406 

 407 

𝛼 = 𝑤 ⋅ 𝑛 ∙ �̂�௞(௣௥௢௦௣௘௥), and  408 

𝛽 = 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯. 409 

 410 

Under this framework, the posterior distribution for the probability of surface water presence at 411 

the kth arc had the form: 412 

 413 

𝜃௞|𝒙௞ ∼ 𝐵𝐸𝑇𝐴 ቀ𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ෍ 𝒙௞ , 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛 − ෍ 𝒙௞ቁ , 415 

 (19) 414 

with mean  416 

 417 

𝐸(𝜃௞|𝒙௞) =
𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞

𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥)  + 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛 
, 419 

(20) 418 

and variance: 420 

 421 

𝑉𝑎𝑟(𝜃௞|𝒙௞)  422 

=
𝑤 ⋅ 𝑛 ⋅  �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞

ൣ𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥)  + 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛൧
ଶ423 

∙
𝑤 ⋅ 𝑛 ⋅ ൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛 − ∑ 𝒙௞

𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥)  + 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛 +  1
 424 

            (21) 425 

The sum of the products of the beta posterior means and respective segment lengths across all m 426 

arcs, ∑ 𝐸(𝜃௞|𝒙௞) ∙ ∆𝑙௞
௠
௞ ୀ ଵ , defined a posterior distribution outcome for mean Bernoulli stream 427 

length, 𝐸(𝐿).    428 

 429 

The inverse-beta posterior distribution for reciprocal probability of surface water 430 

presence at the kth arc (required for derivation of the kth arc communication distance posterior) 431 

was: 432 

(𝜃௞|𝒙௞)ିଵ ∼ 𝐵𝐸𝑇𝐴ିଵ ቀ𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ෍ 𝒙௞ , 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ + 𝑛 − ෍ 𝒙௞ቁ . 434 

                 (22) 433 

Thus, the mean of the kth inverse-beta posterior was: 435 



 

 436 

𝐸[(𝜃௞|𝒙௞)ିଵ] =
𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ + 𝑤 ⋅ 𝑛൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ +  𝑛 −  ∑ 𝒙௞ −  1

𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ − 1
  438 

                 (23) 437 

and the variance of the kth inverse-beta posterior was: 439 

 440 

𝑉𝑎𝑟[(𝜃௞|𝒙௞)ିଵ]442 

=
𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ + 𝑤 ⋅ 𝑛 ⋅ ൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ +  𝑛 −  ∑ 𝒙௞ −  𝟏

𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ − 1
 443 

∙
𝑤 ⋅ 𝑛 ⋅ ൫1 − �̂�௞(௣௥௢௦௣௘௥)൯ +  𝑛 − ∑ 𝒙௞

ൣ𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ − 1൧ൣ𝑤 ⋅ 𝑛 ⋅ �̂�௞(௣௥௢௦௣௘௥) + ∑ 𝒙௞ − 2൧
  444 

        441 

    (24) 445 

The sum of the products of the inverse-beta posterior means and respective segment lengths, 446 
∑ 𝐸[(𝜃௞|𝒙)ିଵ] ∙ ∆𝑙௞

௠
௞ ୀ ଵ , was used to define a posterior outcome for 𝐸(𝐶).   447 

We weighted the beta priors so that they would have 50% of the weight of the sample data and, 448 

as noted above, let the sample size be 10 random draws from a multivariate Bernoulli 449 

distribution simulated from 2019 field data. That is, for equations 18-24 above, we let w = 0.5, n 450 

= 10,  and, thus ∑ 𝒙௞ ∈ {0,1,2, … ,10}.    451 

3.3 Software 452 

The R statistical environment (R Core Team 2022) was used for all analyses with reliance on the 453 

package streamDAG (Aho 2022), which allowed straightforward computation of Bernoulli 454 

stream length and communication distance posteriors, and the package mipfp (Barthélemy & 455 

Suesse, 2018) for simulation of multivariate Bernoulli outcomes. Several spatial and graphics 456 

packages, including sf (Pebesma 2018), ggspatial (Dunnington 2021), cowplot (Wilke 2020),  457 

ggplot2 (Wickham 2016), and gridGraphics (Murrell and Nen 2020) were also used to visualize 458 

the results.  459 

4 Results 460 

4.1 Comparisons of prior, observed, and posterior probabilities of surface water presence 461 

The probabilities of surface water presence diverged for the prior and the 2019 field data for 462 

some stream segments.  Specifically, PROSPER prior probabilities for surface water presence 463 

were limited to the range 0.21-0.32 (Fig 3a), whereas field observations in 2019 included reaches 464 

that were (nearly) always wet or dry (Fig 3b). By definition, posterior probabilities (Fig 3c) were 465 

a compromise between the PROSPER priors and 2019 observations (also see Aho 2014, pgs. 466 

137-142).   467 

 468 



 

 469 

Figure 3.  Spatially distributed probabilities of stream surface water presence at Murphy Creek 470 

with flow proceeding from left to right (see Fig. 2). Panel (a) depicts surface water presence 471 

probabilities from the USGS-PROSPER model, which were used as means for beta distribution 472 

priors in Bayesian analyses. Panel (b) shows probabilities based solely on surface water 473 

presence/aabsence data from the entire 2019 sampling period, from 06/03/2019 to 10/03/2019. 474 

Panel (c) depicts means from beta posterior distributions representing the probability of stream 475 

surface water presence. 476 

4.2 Quantifying uncertainty in reach-scale wet/dry predictions: Posterior distributions for the 477 

probability of surface water for individual arcs    478 

Our approach summarized both intra-arc central tendency and the variability in the probability of 479 

surface water presence (Fig 4). Consistent with arc prior distributions (Fig 3a), posterior beta 480 



 

distributions of arcs nearer the outlet generally had larger mean values (Fig 3c), indicating high 481 

average probabilities of surface water presence (Fig 4b). Arcs near the top and bottom of the 482 

network had low variability in the probability of surface water. Posterior distributions for arcs 483 

near the outlet, e.g., 𝑀91 𝑂𝑈𝑇ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗ , had smaller variances because surface water was generally 484 

present at these locations, whereas arc posteriors near inputs, e.g., 𝐼𝑁𝑆 𝑀1993ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗ , had smaller 485 

variances because surface water was generally absent (Fig 4b). Critically, arc distributions near 486 

the middle of the stream had platykurtic posteriors with relatively large variances.   487 

 488 

4.3 Identifying bottleneck locations: Posterior distributions for the reciprocal probability of 489 

surface water presence for individual arcs    490 

The symmetry and kurtosis of arc of inverse-beta posteriors (Fig 5) varied much more strongly 491 

than arc distributions for the (non-reciprocal) probability of surface water presence (Fig 4). Arc 492 

distributions near the top of the network were strongly platykurtic with relatively large means, 493 

indicating that, on average, surface water was rare, whereas arc distributions near the outlet were 494 

leptokurtic, with much of the probability mass near one, indicating the arc resembled a perennial 495 

stream segment. A large inverse-beta mean at 𝑀823 𝑀759ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗  indicated a strong potential for a 496 

mid-stream communication bottleneck (Fig 5b).      497 

 498 

4.4 Assessing network-scale effects: Comparison of stream length, L, and communication 499 

distance, C    500 

Distributions of average stream length and communication distance varied dramatically in the 501 

spring, summer and fall (Fig 6). Greater distinctions were evident for the distributions of E(C) 502 

compared to E(L). Specifically, while the posterior distributions of E(L) were symmetric across 503 

seasons (Fig 6b), posterior distributions of E(C) were highly complex and asymmetric (Fig 6c). 504 

For example, the spring posterior distribution of E(C) was multimodal, while the summer and 505 

fall posteriors for E(C) were strongly platykurtic and negatively skewed, respectively (Fig 6c).  506 

A fall rewet period was evident for Bernoulli stream lengths, with fall average streams being 507 

longer than those of summer (Fig 6a,b). This trend was not evident for the communication 508 

distance posterior distribution, as larger communication distances occurred in the fall compared 509 

to the summer (Fig 6c). The probability distribution of E(C) in the fall appeared highly compact 510 

(Fig 6b) because of the conflation of its large magnitude outcomes and the requirement that the 511 

area under a valid PDF be one. 512 

 513 



 

 514 

Figure 4.  Summaries of posterior beta distributions for Murphy Creek stream segments from 515 

06/03/2019 to 10/02/2019, representing the probability of surface water presence. Names of arc 516 

bounding nodes correspond to meter distances upstream from the outlet. Panel (a) locates nodes 517 

along the network. Arcs are colored by their posterior distribution mean values (see key). Larger 518 

means (darker, bluer colors) indicate arcs with a higher propensity for surface water presence 519 

outcomes.  Panel (b) shows beta posterior distributions for each arc. Arc posterior distributions 520 

are sorted, by row, from sources to outlet. Arc posterior distributions are colored based on their 521 

mean values, and follow the same color ramp as (a). Posterior means for arcs are overlain with 522 

dashed lines. 523 

 524 

 525 



 

 526 

Figure 5.  Summaries of posterior inverse-beta distributions for Murphy Creek arcs from 527 

06/03/2019 to 10/02/2019, representing the reciprocal probability of surface water presence. 528 

Thus, increasing values indicate increased rarity of surface water at an arc, or increased 529 

likelihood that arc might act as a bottleneck for material transport.  Names of arc nodes 530 

correspond to meter distances upstream from the outlet. Panel (a) locates nodes along the stream 531 

network.  Arcs are colored by their posterior distribution mean values (see key). Larger means 532 

(redder colors) indicate arcs for which surface water presence is increasingly rare. Panel (b) 533 

shows inverse-beta posterior distributions for each arc. Arc distributions are sorted, by row, from 534 
sources to outlet. Arc posterior distributions are colored based on their mean values, following 535 

the color ramp from (a). Posterior means are overlain on the distributions with dashed lines. Note 536 

that y-axis limits differ for the last two rows of PDFs in (b) because of their leptokurtic shapes. 537 

 538 



 

 539 
 540 

 541 

Figure 6. Seasonal distributions of stream length and communication distance. Panel (a) shows 542 

observed mean stream length (in meters) based on random outcomes from a multivariate 543 

Bernoulli distribution with parameters based on 2019 data (see Section 3.2). Panel (b) shows 544 

Bernoulli posterior mean stream length (in meters) for the network.  Panel (c) shows posterior 545 

mean communication distance for the network. Note the log scale of the x-axis in panel (c). 546 

Expressions of density in plots are based on a Gaussian smoothing kernel.  The fully-wetted 547 

stream length of Murphy Cr. is denoted with a vertical dashed line in (a-c). 548 

 549 



 

5 Discussion 550 

We developed Bayesian measures of non-perennial streams connectivity that: 1) allowed global 551 

(network-scale) and local (stream segment or reach-scale) perspectives on hydrological 552 

connectivity, 2) quantified variability in intra-segment surface flow presence probabilities, and 3) 553 

allowed the inclusion of prior information concerning probabilities of surface flow presence. Our 554 

novel contributions include Bayesian extensions of Bernoulli stream network length (Botter & 555 

Durighetto 2020) and communication distance, a novel metric that quantifies the effective stream 556 

length for material transfer from upstream to downstream locations. Our approaches allow 557 

probabilistic consideration of questions of particular relevance to stream researchers. For 558 

instance: “What is the probability that the effective network length will be longer during the 559 

spring compared to summer?” Or: “What is the probability that the effective stream length for 560 

communication of materials of a non-perennial segment will become more than q times as large 561 

as a comparable perennial segment?” Bayesian application of communication distance prompted 562 

derivation of the inverse-beta probability density function which can be used to represent a 563 

distribution of reciprocal probabilities of surface water presence. We tested our new approaches 564 

by determining Bayesian posterior distributions of the probability and reciprocal probability of 565 

surface water presence for individual stream arcs (segments) at Murphy Creek, a simple non-566 

perennial stream network in southwestern Idaho, USA. Results for Murphy Creek stream arcs 567 

were used to generate network-level posterior distributions of Bernoulli stream length and 568 

communication distance across three seasons. 569 

5.1 Predicting drying patterns from fine-scale observations 570 

Stream drying at Murphy Creek was heterogeneous in space over time (Figs 3-5), consistent with 571 

the varying importance of groundwater contributions to patterns of flow probability (Warix et 572 

al., 2021). Sustaining surface flow via groundwater requires that groundwater is both present in 573 

the shallow subsurface and that shallow subsurface properties allow water to flow from the 574 

subsurface into the stream or preclude its rapid loss (e.g., Dohman et al. 2021). Figure 7 shows 575 

two proximal Murphy Creek locations underlain by the same geology, but with divergent drying 576 

behaviors and distinct stream bed sediments. Specifically, node M759 dried early in 2019 and 577 

had large cobbles exposed at the surface, potentially facilitating loss of surface flow to the bed. 578 

In contrast, the stream bed at node M1254, approximately 0.5 km further upstream, was 579 

characterized by sand and gravel, and surface water persisted year-round. Our observations of 580 

fine-scale changes in stream flow presence and coincident changes in streambed materials 581 

suggest that shallow subsurface hydraulic conductivity may be a primary spatial control on 582 

stream intermittency in Murphy Creek. Stream bed hydraulic conductivity can be highly spatially 583 

heterogeneous in space (Schmidt et al., 2006, Naganna et al., 2017) and time (Korus et al., 2018, 584 

2020). Given the important role that subsurface properties exert on surface flow variability here 585 

and elsewhere (Noorduijn et al., 2014; Quichimbo et al., 2020), metrics such as communication 586 

distance can help elucidate spatiotemporal changes in stream network extent. These constraints 587 

are critical to understanding connectivity within hydrologic networks and linking to downstream 588 

outcomes such as water quantity and quality. 589 

 590 



 

 591 

Figure 7. Photos of two sampling locations, (a) M759 and (b) M1254 with different stream 592 

subsurface materials, and thus different shallow subsurface porosity, permeability, and hydraulic 593 

conductivity (photos: S. Warix).  594 

5.2 Inverse-beta distribution and communication distance identify bottleneck locations at 595 

segments that are rarely wet  596 

While mathematical inverses of each other, the beta and inverse-beta distributions did not 597 

provide redundant information in our application, allowing additional insights into intermittent 598 

stream mechanics.  For example, arcs at Murphy Creek that were consistently dry, e.g., 599 

𝐼𝑁𝑆 𝑀1993,ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗  tended have platykurtic inverse-beta posterior distributions for the reciprocal 600 

probability of surface water presnece, with particularly large variances (Fig 5).  On the other 601 

hand, beta posteriors of dry and wet arcs (for the non-reciprocal probability of surface water 602 

presence)  had relatively small variances due to surface water presence outcomes usually being 603 

zero or one, respectively (Fig 4).    604 

We used inverse-beta PDFs to represent distributions of reciprocal probabilities of 605 

surface water presence. Thus, these distributions depicted patterns in the rarity of arc surface 606 

water presence compared to a perennial stream.  Communication distance is useful because it 607 

leverages the mean value of an arc’s inverse-beta posterior as a multiplier for wetted stream 608 

length at that arc, and thus defines the average increased effective stream length for 609 

communication, compared to a perennial arc. For instance, in the Murphy Creek network, the 610 

driest arc, 𝐼𝑁𝑆 𝑀1993ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗ , had a posterior inverse-beta mean of 11.6 (Fig 5b). This indicates that 611 

surface water presence at the arc would be, on average, 11.6 times rarer than a perennial arc, and 612 



 

that compared to a perennial stream of the same length, the effective stream length for 613 

communication of materials would 11.6 times longer. A posterior inverse-beta mean near one 614 

indicates that, on average, an arc behaves essentially identical to a perennial arc for 615 

communicating and transporting materials. 616 

5.3 Distinct seasonal variation in active network length, L, and communication distance, C 617 

Although we observed a general trend of increasing resistance to surface transport of materials 618 

from spring to summer to fall, the seasonal distributions of communication distance revealed 619 

important seasonal differences. Strong negative skew in the fall distributions of E(C) indicated 620 

the possibility for good communication periods in this season when water was present, although 621 

median communication was poor. The multimodal but smaller-distance distribution of E(C) in 622 

the spring occurred because of the strong surface flow persistence of all arcs during early spring, 623 

resulting in smaller communication distances, and the late spring drying of several arcs, 624 

particularly 𝐼𝑁𝑆 𝑀1993ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗ , resulting in larger communication distances.    625 

Non-redundancy in measures of network communication distance and network Bernoulli 626 

stream length were clearly evident in seasonal summaries from Fig 6. Average network Bernoulli 627 

stream lengths were longer in the fall compared to summer, indicating a fall rewet period (Fig 628 

6b). This outcome is consistent with regional observations of increased fall discharge 629 

(McNamara et al. 2005). Evidence of a fall rewet period, however, was not apparent in the 630 

posterior distributions of average network communication distance. Instead, larger 631 
communication distances were more probable in the fall compared to summer. This discrepancy 632 

was due to a marked bifurcation in the behavior of stream arcs in the fall. Specifically, arcs near 633 

the outlet and wet spots near the stream center (e.g., 𝑀716 𝑀624ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗ ) tended to be strongly 634 

persistent (�̂�    1), driving larger network stream lengths and smaller communication distances. 635 

On the other hand, arcs further from the outlet were often fully absent (�̂�  ≈ 0), creating 636 

bottlenecks. This outcome was in contrast to the summer, in which posterior variances for E(C) 637 

suggested that weak and strong communication outcomes had subequal likelihoods for most 638 

segments, and the spring where strong persistency drove smaller distances at all arcs.   639 

Posterior mean Bernoulli stream lengths across all seasons did not approach the full 640 

wetted length of Murphy Creek (Fig 6a) due to the moderating effect of conservative prior 641 

probabilities from the USGS-PROSPER model (Fig 3a). The PROSPER model is intended to 642 

represent the annual probability of stream segment presence, which in the seasonally dry U.S. 643 

intermountain west is much lower in the summer than in the fall or spring (Wang et al. 2009). To 644 

address the potential detrimental effect of priors on predictive accuracy for a given period, one 645 

could decrease the weight of priors in analyses relative to the observed (current) data, or use 646 

different priors altogether (although see § 5.4). 647 

5.4 Analytical considerations regarding priors 648 

The USGS-PROSPER model used to define beta prior hyperparameters was suboptimal for our 649 

applications. The model incorporates a comprehensive suite of predictors for flow persistence 650 

including land use, land cover, soil permeability, topographic wetness index, average maximum 651 
and minimum daily temperature, and annual precipitation (Jaeger et al 2019). PROSPER model 652 

predictions, however, are not seasonally adjusted and are intended for regional applications 653 

rather than fine-scale predictions. We justify our use of these data to define priors due to: 1) the 654 

lack of a better alternative, and 2) our view of the PROSPER predictions as provisional long-655 



 

term representations of the relative probability of surface water presence in stream segments at 656 

Murphy Creek. Indeed, our work provides an updated prior framework for future Bayesian 657 

models.    658 

Our choice of prior weights (w = 0.5) was largely driven by parameter constraints of the 659 

inverse-beta posteriors used to calculate mean seasonal communication distances. In particular, 660 

infinitely large means for inverse-beta posteriors occurred when zeroes (surface water absences) 661 

occurred for all 10 random Bernoulli observations for a segment during drier seasons when the 662 

corresponding PROSPER probability of segment surface water presence was 0.21 (the minimum 663 

PROSPER probability for the catchment) and the weighting level was w  0.47 (Supplemental 664 

Materials S2), thus forcing use of weights greater than 0.47. Importantly, larger data sample sizes 665 

allow greater flexibility for prior weight choices when faced with outcomes in which no surface 666 

flow is observed (see Supplemental Materials S2). Undefined posterior means will not occur for 667 

Bayesian extensions of Bernoulli stream length for any w > 0. Nonetheless, the same prior 668 

weight (w = 0.5) was used for both communication distance and Bernoulli stream length to 669 

facilitate comparisons of results under these two approaches.      670 

5.5 Uncertainties and Extensions 671 

Our model predictions concern the probability of surface water presence at stream segments 672 

which may not reflect streamflow due to two factors. First, local ponding may lead to surface 673 

water without flow. To address this issue, future researchers could combine conductivity and 674 

temperature measures a la Arismendi et al. (2017). These data could then be coupled with 675 

appropriate priors to obtain posterior distributions of the probability of stream flow and the 676 

reciprocal probability of stream flow at stream arcs. Second, surface networks inferred from very 677 

high-resolution topography may be relatively accurate, but those delineated with coarser 678 

topographic data that rely on a single area-based threshold (e.g., using the ArcGIS Watershed 679 

Toolbox) may require ground-truthing or further consideration, particularly in headwaters, low-680 

gradient systems, or karst regions (Yamazaki et al. 2018).     681 

Indeed, although our demonstration considers only surficial stream networks, our field 682 

observations suggest that subsurface flow likely dominates Murphy Creek streamflow at certain 683 

times of year. In principle, one could model subsurface to surface hydrologic fluxes (e.g., 684 

vertical connectivity) and/or subsurface flow using these approaches, by considering the 685 

presence/absence of subsurface water with respect todepth or gradient thresholds. In these 686 

efforts, the delineation of spatial network structures in the subsurface may be difficult in some 687 

locations due to the challenges of defining groundwater arcs and nodes as well as delineating the 688 

extent of watersheds (Huggins et al., 2022).  689 

Integration of subsurface connectivity into our methods would allow more holistic 690 

considerations of human impacts on the water cycle, as groundwater pumping can cause streams 691 
to transitions from perennial to non-perennial flow regimes (Zipper et al., 2022a). Numerous 692 

approaches exist to model groundwater pumping impacts on surface streamflow (Zipper et al., 693 

2022b), and analytical models for distributing depletion within stream networks are codified in 694 

the R package streamDepletr (Zipper 2020). Stream vertical connectivity has received relatively 695 

little attention (compared to longitudinal surface connectivity) due to the difficulty in obtaining 696 

detailed subsurface permeability information (Xiao et al. 2021).  697 



 

  Finally, we note that all Bayesian analyses may be strongly affected by prior distribution 698 

designations. To address this reality, we recommend the use of sensitivity analyses of putative 699 

priors during the formative development of Bayesian models (see Gelman et al. 2014, pgs. 160-700 

161, 184-185). 701 
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