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ARTICLE INFO ABSTRACT
Dataset link: https://www.sciencebase.gov/cat Spatial stream networks (SSN) models characterize correlated ecological processes in dendritic
alog/item/5{62407d82ce38aaa236148b ecosystems. Conventional SSN models rely on pre-processed stream networks and point-to-point

hydrologic distances. However, this data processing may be labor-intensive and time-consuming

I;Z{:;;d:‘hierarchical models over large spatial domains. Therefore, we propose to infer the functional connectivity of
Brook trout stream networks stochastically. Our physically-guided model utilizes the knowledge that water
Markov random field flows from high elevation to low elevation, and flow rate typically increases when two tribu-
Population models taries merge. We also leverage the hierarchical branching architecture of dendritic networks
Space-time dynamics to alleviate computing and reduce uncertainty. Spatial autoregressive models composed of

inferred SSNs propagate stochasticity between network connectivity and dynamic ecological
processes in a Bayesian framework. We show in simulated examples that our mechanistic model
facilitated learning about the functional network and enhanced predictive performance. We
also demonstrate our approach in a large-scale case study using native brook trout (Salvelinus
fontinalis) count data. A population model based on our stochastic SSN outperformed that with
a conventional SSN in predicting abundance and expedited the analysis by circumventing data
processing.

1. Introduction

Ecological statistics often involves characterizing spatial heterogeneity and dependence of ecological processes (Gelfand et al.,
2010; Cressie, 2015). The modeling of processes occurring over complex spatial domains benefits from representing the domain
features explicitly (Som et al., 2014; Zimmerman and Ver Hoef, 2024). For example, physical, chemical, and biological dispersal
processes along stream networks are governed by watershed configuration and flow connectivity (Cressie et al., 2006; Ver Hoef
et al., 2006). Ver Hoef and Peterson (2010) proposed a class of spatial stream network (SSN) models that induce autocorrelation by
integrating moving-average functions along stream segments. The SSN models produce statistically valid covariance functions, and
have been illustrated in various applications including water temperature (Santos-Fernandez et al., 2022), water quality (Ver Hoef
and Peterson, 2010; Scown et al., 2017; McManus et al., 2020), ecosystem metabolism (Rodriguez-Castillo et al., 2019), species

* Corresponding author.
E-mail address: lucy.lu@usu.edu (X. Lu).

https://doi.org/10.1016/j.spasta.2025.100902

Received 29 October 2024; Received in revised form 14 February 2025; Accepted 8 April 2025
Available online 25 April 2025

2211-6753/© 2025 Published by Elsevier B.V.


https://www.elsevier.com/locate/spasta
https://www.elsevier.com/locate/spasta
https://orcid.org/0000-0003-0271-4878
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
https://www.sciencebase.gov/catalog/item/5f62407d82ce38aaa236148b
mailto:lucy.lu@usu.edu
https://doi.org/10.1016/j.spasta.2025.100902
https://doi.org/10.1016/j.spasta.2025.100902
http://crossmark.crossref.org/dialog/?doi=10.1016/j.spasta.2025.100902&domain=pdf

X. Lu et al. Spatial Statistics 67 (2025) 100902

richness (Peterson and Ver Hoef, 2010; Rodriguez-Gonzalez et al., 2019), and population abundance (Wenger et al., 2011; Isaak
et al., 2017). The popularity of SSN models is facilitated by R packages SSN (Ver Hoef et al., 2014) and SSN2 (Dumelle et al.,
2024) that streamline model fitting, parameter inference, and spatial prediction for an array of customization options. Fitting SSN
models using these packages relies on the Spatial Tools for the Analysis of River Systems (STARS) toolset (Peterson and Ver Hoef,
2014) for ArcGIS (ESRI, 2011) or the openSTARS (Kattwinkel et al., 2020) and SSNbler (Peterson et al., 2024) R packages
to process stream networks from geospatial hydrologic databases (e.g., the National Hydrologic Dataset (U.S. Geological Survey,
2016), National Stream Internet Project (Nagel et al., 2015), StreamCat (Hill et al., 2016)). Although rarely discussed in literature,
pre-processing SSNs from these databases is labor-intensive and time-consuming over large spatial domains. This is because site
coordinates are not always co-located with stream segments in the databases and manual correction is recommended (Peterson
et al., 2024). Furthermore, the software programs calculate point-to-point hydrologic distances by traversing the entire network,
which often contains more segments than those involved in the study. For example in Lu et al. (2024), count data were collected
from 109 streams in western North Carolina to model native brook trout populations, whereas over two thousand streams in the
study domain required manual processing to derive the network information for their SSN model. To address the challenges in data
pre-processing, we propose to infer the functional connectivity of stream segments probabilistically.

A segment is a section of a stream between two confluences, and a network is a set of hydrologically connected segments. In a
physical network, two segments are connected if they have a common confluence. However, our stochastic SSN utilizes only observed
segments, and therefore we consider two segments functionally connected if data demonstrate spatial correlation. Two segments
that are physically separated may be functionally connected in a stochastic network due to indirect merging (i.e., two observed
tributaries flowing into an unobserved main stem at different confluences). Alternatively, two segments that are physically connected
may be functionally separated due to disrupted dispersal (i.e., fish movement from main stem to observed tributary impeded by
unknown obstacles.). We infer functional connectivity using the unique network architecture of SSNs and laws of gravity. Dendritic
networks (e.g., rivers, caves, hedgerows) are represented by a hierarchical structure where blind-ended branches are connected to
main stems (Campbell Grant et al., 2007; Brown and Swan, 2010). They are related to tree networks in computer science, whose
topology is characterized by the branching and the number of generations (Meador, 2008). Because of the branching hierarchy, we
can reconstruct the network by knowing the stem to which each branch is directly connected (Estrada et al., 2014), and because
gravity dictates that water flows from high elevation to low elevation and typically increases in flow rate downstream, we can
eliminate branching that is physically infeasible.

Conventional SSN models resemble geostatistical models in which covariance is defined continuously over the study domain (Ver
Hoef and Peterson, 2010). Our stochastic SSN model, in contrast, represents covariance in areal data where the observation units
are segments (Banerjee et al., 2003). Spatial covariance in areal data has been represented in various ways. In a Markov random
field (MRF), a direct representation of the covariance structure is also known as a second-order specification, and is commonly
achieved using conditional (CAR) or simultaneous autoregressive (SAR) models (Ver Hoef et al., 2018). Alternatively, the second-
order structure may be induced by a first-order specification using basis functions (Hefley et al., 2017). Outside of MRFs, spatial
dependence may arise mechanistically, for example, following stochastic differential and partial differential equations (Hanks, 2017;
Lu et al., 2020; Wright et al., 2022). Nonetheless, most of these methods rely on observed and fixed spatial configurations. On
the other hand where spatial configurations are considered random, the inference is often focused on configurations instead of
first-order dynamics. For example, statistical network analysis aims at learning local features that influence network connectivity,
and the outcomes of these analyses are typically pair-wise connections or similarity measurements (Krackhardt, 1988; Hanks
and Hooten, 2013). Our stochastic SSN combines the strengths of MRF modeling and statistical network analysis under a
Bayesian framework, where we specify covariance matrices using spatial autoregressive models conditioned on inferred functional
connectivity. The cohesive framework allows us to infer both first-order covariate effects on abundance and physically-meaningful
network characteristics, and enables uncertainty propagation between the two objectives.

We present our stochastic SSN and an associated population model in Section 2. In Section 3, we demonstrate the method using
simulated examples and a case study of native brook trout (Salvenilus fontinalis) populations in western North Carolina, USA. Finally,
in Section 4, we discuss possible extensions and broader applications of our method.

2. Method

We begin by demonstrating the general stochastic SSN modeling framework which we use to infer connectivity matrices
representing spatial dependence among observed segments in a stream network. We then introduce a specific application where the
stochastic-SSN-inferred connectivity matrices are used to construct covariance matrices for spatial random effects in a multi-scale
spatio-temporal population model under a Bayesian hierarchical framework.

2.1. Stochastic SSN

We use terminology from graph theory (Biggs et al., 1986) and refer to stream segments as nodes. Our method aims to infer
functional connectivity, or edges, between pairs of nodes, where we denote the upstream segment a child and the downstream
segment its parent. We focus on the commonly observed branching mechanism of downstream merging, so that a child can have at
most one direct parent, and a parent can have multiple direct children. We also denote the parent of a parent an ancestor, although
knowledge of the full ancestry is not necessary for reconstructing the network. In the following model statements, we represent
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scalars and indices with lowercase letters, vectors with bold lowercase letters, matrices and three-dimensional arrays with bold
uppercase letters, and sets with script uppercase letters.

Every node in the network, i = 1, ..., n, is associated with elevation x¢ and flow (stream discharge) xl.f . Flow is measured at the
segment level; however, elevation is measured at the site level and may vary along the segment. For the purpose of illustration,
we use the mean elevation when there exist multiple sites on a segment. Because water flows by gravity and typically increases in
volume downstream, we construct the »n X n feasibility matrix, F,

1, ifi#jand x* > x¢ and x/ < x/
ij:{ , ifi #j an xl_xjan x; Sx; . a

0, o.w.

Node ; is a feasible parent to node i with non-zero probability if F;; = 1, and node ; is infeasible with probability one if F;; = 0.
The feasibility matrix is fully observed given elevation and flow, and informs the support for subsequent modeling of parenthood
as multinomial random variables.

We denote P; the set of feasible parents to node i with F;; = 1. When P; = J, we define P(a; = 0) = 1, indicating that g, is
parentless. When P; # §, we let P(q; = 0) = 1 — &, representing the case where none of the feasible parents is a functional parent to i
because the network is partially observed. With probability ¢, the functional parent a; arises from ;. The model for g; is summarized
as follows,

500, if [P =0 @
O MNPLp), WP
where p; is the (n + 1)-element probability vector, p;, scaled to sum to 1, and
1-¢, if j = 0 (i.e., parentless)
pij = f“(d,'j)7 ifjeP, . 3)

0, if jgP;

We let u(d;;) = exp(—d;;7), where d;; is the geographic distance between the averaged site locations on segments i and ;. In general,
d;; may be any measure of similarity between nodes i and j as in statistical network analyses, and 7 represents the associated
linear effect. In practice, we used geographic distance because it required no additional covariate information or pre-processing of
hydrologic databases.

Conditioned on the parent vector, a, we can construct the connectivity matrix, C, in a variety of ways. The matrix C may be
asymmetric for processes governed by flow direction, such as diffusion of chemicals. Alternatively, C may be symmetric for processes
occurring in both directions, such as movement of stream fish. Furthermore, elements of C may be strictly binary to indicate direct
parenthood; they may also be weighted to indicate generation distance. Even when an element of C is zero between a child and
its ancestor, the induced correlation between them may still be non-zero, and the strength of which depends on the specific MRF
representation (Ver Hoef et al., 2018). For illustration, we specify a symmetric, weighted connectivity matrix as follows

1/g.;, if j is an ancestor of i
C,=Cj ={ o/%/w J , )

where g;; is the generation distance between nodes i and ;. For example, g;; = 1 if j is the direct parent of i and g;; = 2 if j is the
grandparent of i.

2.2. Hierarchical modeling

We seek inference for connectivity matrices using our Bayesian hierarchical framework (Berliner, 1996) to characterize spatio-
temporal population dynamics of a stream fish. In our hierarchical model statement, we use index i for site (instead of segment/node
as in Section 2.1). We also index connectivity matrix by m (i.e., C,,) to distinguish multiple stream networks. Count data were
collected from surveys using two sampling protocols in our study. Depletion surveys were conducted at two-thirds of the study
sites, where three consecutive samplings efforts (passes) were made at every survey, each pass removing samples from the enclosed
segment. Single-pass surveys were conducted at the remaining one-third of the study sites, where one sampling effort (pass) was
made at every survey. Following Lu et al. (2024), our data model accounts for imperfect detection in a modified N-mixture
framework (Royle, 2004) as follows,

Binomial (N, ¢q;,)., j =1
Yipj

. . -1 . 5)
Binomial (N‘-V, - ZL[ Yisd» q,-y,) L ji>1

Variable Vigj 18 the observed count at site i, i = 1,...,n, in year ¢, t = 1,...,T, and pass j, j = 1,....J;; N;, is true abundance; and
capture probability q;, = gsingle if @ single-pass survey occurred, and q;; = gepletion if @ depletion survey occurred.

Our process model allows dispersion in true abundance conditioned on the associated mean density 4;, and the sampling area
A; in 1000 m?,

N;, ~ Poisson(4;4; ,). 6)
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Dynamics in mean density are characterized using a log-linear function of fixed and random effects,

log (4;,) =%+ h,0; + €, + v, +w, + -
vilogt +ny,

where x; are landscape covariates, h;, are weather-related covariates, and 6, = 6Og;up)e if site i was in a suitable habitat and

0; = Ounsuitable Otherwise.

The multi-scale spatial random effects highlight the nested architecture of stream habitats, where ¢,, denotes the random effect
defined on the watershed that contains site i, v, denotes the random effect defined on site i along segment s, and y,, denotes
the random effect defined on the segment that contains site i within network m. At the watershed level, we characterize spatial
dependence using a CAR model as follows,

e ~N (0,2 (diag(W1) — o W)™1), ®

where W is inversely weighted by geographic distances between watershed centroids and 1 is a column vector of 1. We let p, = 0.99
to induce moderate correlation (Banerjee et al., 2003). At the segment level, we assume conditional independence among the

segments and characterize dependence among sites on the same segment, s = 1,...,.5, using a geostatistical model as follows,
v, ~N(0,62%,), )
where X; ; = exp(-dist; ; /¢,), dist; ; is geographic distance between sites /; and i,, and ¢, > 0 represents the range of spatial

dependence. When a segment has only one site, we let v, ~N (0,02). Past studies have shown that a combination of geostatistical
and stream network models improved spatial predictive ability (Peterson and Ver Hoef, 2010). At the network level, we apply
our stochastic SSN model where (Lu et al., 2024) previously adopted a conventional SSN model (Ver Hoef and Peterson, 2010)
to characterize dispersal-induced dependence along stream networks. Our study system consisted of M hydrologically separated
networks and we assume conditional independence among the networks. We characterize dependence among the segments within
the same network, m = 1,..., M, based on the inferred connectivity matrix, C,, (Eq. (4)), as follows,

v, ~N (0, o2 (diag(C,, 1) ~ ,, C,)”" ) , (10)

where p,, = 0.99. When a network has only one segment, we let y,, ~N (0, 63/ .
Lastly, we model habitat-specific linear trends in log year, where y; = ygiapie if Site i was in a suitable habitat, and y; = yypsuitable
otherwise. We account for temporal correlation using a first-order autoregressive (AR(1)) model,

'1,~N(p,,n,,1, 65) t=2,...T, (11)

where oy €(=L1) controls temporal dependence of a stationary process, and 7, ~ N (0, aﬁ).
2.3. Joint distribution and sampling

We use the bracket notation [-] to represent probability distributions (Gelfand and Smith, 1991). The joint posterior distribution
of all model parameters is

[N.4.8.0.€.0% (v,).0% by (w,,).02 (C )£ 7. 7.1.62 Y |
« [Y|N,qlx [N|B,0,e, {v,},{w,}.v,n] x [q] x [B] x [6] X [y]x
lelo?] x [o2] x [T [valoZ 6] x [02] x [#] x [T [waloz- Cu] x

[03’] X H [Clé. 7] x [6] % [£] % [r]laf,,p,,] X [o‘ﬂ x [p,] -

where Y is the array of observed counts, N is the array of true abundance, g = (gingles ddepletion)’ 18 the vector of capture probabilities,
{v,} is the set of segment-specific random vectors, {y,,} is the set of network-specific random vectors, and {C,,} is the set of network-
specific connectivity matrices. We provide a list of prior distributions for the case study in Appendix A. The prior distributions
for the capture probabilities are informed by previous studies (Kanno et al., 2015). The remaining parameters are given diffuse
prior distributions. Most of the model parameters are sampled using Metropolis—Hastings updates based on their full-conditional
distributions (denoted [parameter|-], representing the conditional distribution of the parameter given all other parameters in the
model and the data). Specifically, the full-conditional distributions for parameters related to the stochastic SSNs are,

(€1 « [Jre,le. 1< 1,
[] o [JIC,nle. 1 x [71,

[CplV o [wylo. Co| X [Cpl. )
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Table 1

Parenthood for 10 nodes in a simulated network.
Node 1 2 3 4 5 6 7 8 9 10
Parent 0 10 9 0 10 8 8 4 0 9

Elevation

=)
(o]
1

®s [

Latitude

®: Flow
® -10
® 05
@® 00
® o
@ 10

|
o
L

Q-

0 1
Longitude

Fig. 1. The simulated network illustrated by nodal attributes in longitude, latitude, elevation, and flow. These attributes defined the feasibility matrix, F,
deterministically, and F was involved in the probabilistic modeling of parenthood in Table 1.

The computational complexity of our sampling algorithm depends on four conditions: 1. the number of networks; 2. the maximum
number of nodes within a network; 3. the maximum number of feasible parents to a node; and 4. the maximum generation distance
within a network (i.e., depth). Because our method approximates the physical networks, conditions 1 and 2 may be alleviated via
parallelization by reasonably partitioning the study domain into conditionally independent functional networks. For each network
m, we sequentially sample the parent of node i, a", conditioned on the parents of the remaining nodes, a”,, and reconstruct C,, for
every node at every iteration, whose complexity is on the order of the network depth (Eq. (4)). Nonetheless, conditions 3 and 4
did not present a computational bottleneck in our case study because native brook trout populations in North Carolina congregated
in headwaters, meaning the functional networks should have short generation distances and each node has a limited number of
feasible parents (Fig. 5(a)).

3. Application
3.1. Simulation

The first purpose of this two-part simulation study is to examine the various network attributes corresponding to different
parameterizations. We specified » = 10 nodes. For each node, i = 1,...,n, we sampled elevation, x¢, flow, x,.f , and coordinates
in two-dimensions from standard normal distributions (Fig. 1). The simulated elevation and flow represented normalized covariates
in the case study. We calculated the feasibility matrix, F, using Eq. (1) based on x¢ and x/, and we sampled the parents, a, using
Eq. (2) with £ = 0.9 and = = 1 ( Table 1). The resulting functional network had three components that were disconnected from each
other (Fig. 2). The depths as defined by the longest shortest path from one node to another within each component were one, three,
and three, from left to right, and the maximum component depth of the network was three. Lastly, we constructed the connectivity
matrix, C, using Eq. (4) based on a.

The parent vector uniquely identifies the functional network. Conditioned on the feasibility matrix, the complexity of the network
depends on parameters ¢ and z. We simulated functional networks for various combinations of ¢ and r given F, and summarized
their complexity using the mode of the number of components and the maximum component depth (Fig. 3). As ¢ increased from O
to 1, the number of components decreased and the maximum component depth increased for all levels of 7, indicating higher
overall connectivity. As 7 increased from negative to positive, the number of components increased for moderate values of &
(i.e., & € (0.25,0.72)); the maximum component depth increased then decreased for moderate values of &, with peak depths occurring
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Flow e e e °

Fig. 2. The simulated network represented by its functional connectivity. Flow direction is from top to bottom. Each node corresponds to a line segment,
blind-ended or connected to another segment on one or both ends. The unnumbered segment in the right-most component is an example of an unobserved

segment.

Number of Components Maximum Depth

000 025 050 075  1.00 000 025 050 075  1.00

£ £
(2) (b)

Fig. 3. Heatmaps of simulated network complexity with varying values of ¢ and r.

around 7 = 0. This indicated that strong effects of geographic distance (i.e., large magnitude of r) were associated with less connected
networks, especially when the effect was positive.

The second purpose of this two-part simulation study is to demonstrate parameter estimability and predictive ability of our
proposed method. We specified M = 10 networks, each with n = 10 nodes, across T = 20 years. We generated connectivity matrices,
C,,, following Section 2.1, and simulated count data using the spatio-temporal population model,

y;; ~ Binom (N, ,,q),
N, ~Pois (4;,),
log (4;,) =x/p+ Wi, + 1ps
W, ~N(0.%,). X, = o (diag(C,,1) - 099C,,) ",
forr=2,...,T, 5, ~N (pn,,l,aZ) ,m~N (O, 63’) )

wherei=1,....,nxM, m=1,...,M,and t = 1,...,T. Vector x; consisted of an intercept and two covariates from standard normal
distributions. We fit the model to simulated data using a Markov Chain Monte Carlo (MCMC) algorithm. We ran the algorithm in
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Table 2
Summary of the true parameters, the estimated marginal posterior means (95% credible intervals),
and the convergence statistics from simulation.

Parameter True Posterior R

Bo -0.5 —0.51 (-0.59,-0.43) 1.04
b 0.3 0.32 (0.22,0.41) 1.00
'S 1.5 1.50 (1.41,1.60) 1.00
0'3/ 0.1 0.09 (0.06,0.14) 1.01
£ 0.95 0.99 (0.95,1.00) 1.00
T -2.5 —3.27 (-5.99,-1.31) 1.00
ofl 0.1 0.13 (0.07,0.25) 1.00
p 0.7 0.73 (0.40,0.98) 1.01
q 0.7 0.67 (0.49,0.88) 1.11

R (Team, 2021) with 40,000 iterations and discarded the first 24,000 burn-in samples. The remaining samples were thinned at a
rate of %. Our model was able to recover the true parameters in simulation with their respective marginal 95% credible intervals
( Table 2). The Gelman-Rubin statistics (R) close to one indicated convergence (Gelman and Rubin, 1992).

Furthermore, our method demonstrated improved spatial predictive ability via a three-fold cross-validation. At each non-
overlapping fold, r = 1,2,3, we randomly designated one-third of the data in both spatial and temporal dimensions as the test
set, and the remaining two-thirds of the data as the training set. We fit our proposed model and a null model assuming spatial
independence to the training set and predicted for the test set. To predict at a node, i, that was observed, we drew the kth posterior

predictive sample of density from the stochastic SSN model based on po, u/[(k), and af(k) as follows,

k k
Hra s = oxp (%189 +w® 44V

To predict at a new node, i, with known covariates, we sampled q/,(,,l? based on wﬁ,’,‘zi, af,(k)

-1 -1
(k) (k) (k) (k) 52(k) (k) (k) (k)
Wi ™ N <_Zmi,—i <zm—i,—i) LE 2o, (Em—i,—i) Z"’—‘ ) :

i—i i

, and 2;”‘) by kriging as follows,

Posterior predictive samples of density for the null model were obtained using Ag‘r)e dis = €Xp (x: Y + r/f“). We evaluated both
models using posterior predictive log likelihood (PPLL) as follows,

PPLL(r) = /[1 [Yrrrest|APreds ‘I] [APred’mY;ram] d Apreqdq,
q Pred

where Ap,q is the matrix of predicted densities. We also used the integrated likelihood to approximate PPLL numerically with a
large upper bound for Np..4 as follows,
(oo

[YrrrestlAPredv ‘I] = Z [YTesthPred’q] [NPredlAPred] .
Npred=0

Our stochastic SSN model outperformed the null model with a better mean score (stochastic SSN: —0.21; null: —0.58).
3.2. Case study

We illustrate our method using population surveys on native brook trout from 173 sites in western North Carolina between
1989 and 2015. Count data were collected from electro-fishing surveys under single-pass or depletion sampling protocols. The sites
were distributed across 11 major watersheds (HUC8) and 14 stream networks inhabited by brook trout on both sides of the Eastern
Continental Divide in the southern Appalachian Mountains. (Fig. 4).

Like most stream fish, brook trout populations respond to thermal and flow conditions. Previous studies showed that exposures
to upper thermal limits and flood events during early life stages can affect abundance negatively (Roghair et al., 2002; Xu et al.,
2010; Warren et al., 2012; Kanno et al., 2015). Therefore, we used high summer temperature and high winter and spring flows as
weather-related fixed effects, h;, (Eq. (7)). We obtained daily maximum temperatures from Daymet (Thornton et al., 2022) over a
1 km x 1 km grid, and used the average of daily maxima between June and September to represent high summer temperature at
each site. We obtained monthly flow percentiles from NHDPlus (U.S. Geological Survey, 2016), and used the maximum available
percentile between December and February to represent high winter flow and that between March and May to represent high
spring flow at each segment. These covariates were standardized by site to highlight temporal dynamics of local weather patterns.
In addition, we used latitude, elevation, and indicator for slope as landscape fixed effects, x;, where latitude and elevation were
standardized over the study region.

We implemented our hierarchical model (Section 2.2) using an MCMC algorithm, and fit to the juvenile (total length < 90 mm)
and adult (total length > 90 mm) data separately. We ran the algorithm in R (Team, 2021) with 40,000 iterations and discarded the
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Fig. 4. Map of the study sites in western North Carolina, USA.

first 24,000 burn-in samples. The remaining samples were thinned at a rate of % The MCMC algorithm of Lu et al. (2024) required
0.9 h to complete 10,000 iterations on a 2.5 GHz Intel Core i5 processor. In comparison, our algorithm required 1.3 h to complete
10,000 iterations on the same processor. Our analysis did not involve pre-processing, whereas processing the SSNs in Lu et al.
(2024) using the STARS tool set required many hours of manual editing by a qualified personnel, in addition to days of program
runtime on a 4.1 GHz Intel Xeon processor. Our inference agreed with previous studies Appendix B: Capture efficiencies (per pass)
were comparable between single-pass and depletion surveys for both juveniles and adults. For both life stages, mean densities were
higher among suitable habitats on the western slope. Western juveniles were most adversely affected by high spring flows, whereas
eastern juveniles were most adversely affected by high winter flows. The adult populations were less responsive to seasonal weather
patterns than juveniles in general. Most spatial variation was revealed at the segment level among the multi-scale random effects.
Temporal variation was smaller and autocorrelation was lower in adult populations than in juveniles.

Specific to our stochastic SSN model, we inferred close-to-one & (juvenile: 0.99(0.96, 1.00), adult: 0.99(0.96, 1.00)) and significantly
negative r (juvenile: —2.78(—3.87, —1.78), adult: —2.71(—4.01, —1.56)) for both life stages. Our inference on ¢ indicated high functional
connectivity among the surveyed segments. Our inference on r was reasonable for the case study where most surveyed segments
were head water streams and geographically neighboring segments were hydrologically distant. We demonstrated an example of our
inferred functional network in Fig. 5(a). For the purpose of illustration, we visualized at the finest spatial resolution that contained
all surveyed segments. The actual network covered a larger spatial domain. Two among the six sites in the SSN were located on the
same segment, and their elevations and flows were averaged to obtain the nodal attributes that produced the feasibility matrix

0 0 0 0 O

[=NeNeNe]
[=NeNeNel
S O = =
S O O O

We derived the point estimate of the functional network using the posterior mode of the parent vector. In this case, vector
a,, =(0,4,1,1,1) accounted for 76% of all posterior samples, indicating the inferred network had only one component with a depth
of three (Fig. 5(b)). Upon comparison between Figs. 5(a) and 5(b), the physical network supported our inference on the direct
parenthood of segment 1 to segments 4 and 5 via visual inspection. Segment 1 may be the parent to segment 3 due to downstream
merging, yet their dependence appeared much weaker than dependence between segments 1 and 4. The most arguable inference
was the direct parenthood to segment 2. The direct parent to segment 2 appeared to be segment 1 but was inferred to be segment
4, even though segments 2 and 1 were still correlated through indirect connection.
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Fig. 5. An example of a physical SSN in (a) and the inferred functional network in (b).

We also compared the predictive ability of our proposed stochastic SSN framework to the conventional SSN of Lu et al. (2024)
via a three-fold cross validation scored by PPLL. Similar to the procedure described in Section 3.1, we used a posterior sample of the
network level random effect, u/,(n'f), to predict density at a surveyed segment, and we obtained a posterior predictive sample of u/,(nk/_) by
kriging at a new segment conditioned on the inferred functional network. Our stochastic SSN model outperformed the conventional

SSN model with a better mean score (stochastic SSN: —0.78; conventional SSN: —0.90).
4. Discussion

We presented a Bayesian framework to characterize spatially correlated processes in dendritic networks. Compared to conven-
tional SSN models, our framework shortened the overall analysis timeline without the need to manually process large-scale stream
network data. Our framework retained the representation of branching hierarchies distinctive of conventional SSNs. In addition, we
accounted for uncertainty in functional connectivity due to partially observed networks. We showed in simulated examples and a
case study that our method enhanced spatial predictive ability compared to models not characterizing functional connectivity.

By incorporating the stochastic SSN within a population model, we were able to infer functional networks using physical
principles as well as observed data. Although r and ¢ enhanced our understanding of functional connectivity across the network,
we are cautious when interpreting inferred connections by segment. There are several ways by which functional-network-related
inference may be refined. First, in a study system characterized by multiple networks, letting ¢ and r vary by network may
improve network-specific inference and the model’s overall predictive ability. Second, future applications could consider different
spatial resolutions upon which the networks are defined. The choice of resolution may rely on empirical knowledge or model
comparison, and a multi-resolution approach may be explicitly specified at the network level (Katzfuss, 2017). Third, we may relax
the assumptions on feasibility matrices, for example, by allowing flow volume to decrease downstream, to account for various stream
and network characteristics such as losing streams and delta structures. Lastly, data on anthropogenic/natural barriers (e.g., dams,
culverts, waterfalls) could be used to define feasibility matrices (Warren, Jr. and Pardew, 1998; Porto et al., 1999), for example, by
letting F;; = 0 if a known barrier exists between nodes i and ;. These data should ideally not involve processing large databases so
as to maintain our computational advantage.

Other than integrating auxiliary data deterministically into feasibility matrices, we can investigate covariate effects on functional
connectivity. In Eq. (3), we can define u(d;;) = exp(||ld; — d j||’ 7), where d;; represents the combined effect of dyadic similarities
between segments including climate gradients such as air temperature and precipitation, as well as landscape characteristics such
as slope and vegetation cover (Hanks and Hooten, 2013; White et al., 2020). Finally, although our stochastic SSN is defined on
segments, we demonstrated in the case study that predictions can be made continuously in space by combining our model with a
geostatistical model. Future studies can explore the optimal combination of spatial configurations most suitable for specific modeling
objectives.
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Table B.3

Estimated posterior means (95% credible intervals) of covariate effects on log density.
Parameter Juvenile Adult

Unsuitable Suitable Unsuitable Suitable
p, (Lat.) 0.33 (0.19,0.46) 0.27 (0.07,0.45)
p, (Elev.) 1.77 (1.41,2.14) 1.56 (1.35,1.80)
py (Mean) 0.30 (=0.41,0.94) 1.35 (0.97,1.75) —0.42 (-1.18,0.03) 0.66 (0.35,1.04)
0, (Temp) —0.06 (—0.18,0.06) —0.23 (=0.32,-0.13) 0.01 (=0.12,0.13) —0.04 (—0.18,0.05)
0, (W. Flow) —0.90 (-1.08,-0.71) —0.24 (=0.33,-0.14) —0.10 (=0.30,0.06) 0.03 (-0.07,0.12)
05 (S. Flow) —0.50 (-0.69,—-0.33) —0.50 (-0.63,—-0.40) 0.12 (-0.01,0.23) 0.06 (-0.03,0.16)
7 (Trend) 0.37 (0.19,0.60) 0.19 (=0.76,1.33) 0.78 (0.62,0.96) 0.04 (-0.05,0.16)
Table B.4

Estimated posterior means (95% credible intervals) of capture probability and random effect parameters.

Parameter

Juvenile

Adult

daepletion (Depletion Capture)
dsingle (Single-Pass Capture)
6 (Watershed Variance)

o2 (Segment Variance)

¢, (Segment Range)

0'3/ (Network Variance)

¢ (Network Complexity)

7 (Network Complexity)

oy (Temporal Variance)

p, (Autocorrelation)

0.58 (0.56,0.59)
0.59 (0.49,0.69)
0.07 (0.03,0.18)
7.43 (5.47,10.55)
5.76 (3.22,9.49)

0.01 (0.01,0.02)
0.99 (0.96, 1.00)
—2.78 (=3.87,-1.78)
0.77 (0.43,1.29)
0.17 (0.01,0.47)

0.70 (0.68,0.71)
0.70 (0.62,0.78)
0.03 (0.01,0.07)
2.90 (2.19,3.80)
2.80 (1.25,4.51)
0.01 (0.00,0.01)
0.99 (0.96, 1.00)
—2.71 (=4.01,-1.56)
0.07 (0.02,0.16)
0.55 (0.07,0.91)

Appendix A. Prior distributions

Gsingle> 9depletion ~ Beta(60,40) for YOY,

single> ddepletion ~ Beta(70, 30) for adults,

B. Oguitable: Ounsuitables Ysuitables Yunsuitable ~ N(0, ),
log(o,), log(o,), log(o,,), log(c,) ~ N(0, 1),

$, ~ Unif(0, 10),
& ~Beta(l, 1),

7 ~N(©, 1),

py ~ Unif(~1,1).

Appendix B. Posterior inference for case study

See Tables B.3 and B.4.

Data availability

The datasets and programming codes used in the study will be available on ScienceBase: https://www.sciencebase.gov/catalog/

item/5f62407d82ce38aaa236148b.
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