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INTRODUCTION

Elucidating drivers of species distributions is critical to

James T. Peterson?

| Adam Duarte?

Abstract

Recovery of rare and imperiled species is often supported by targeting the
dynamic drivers of abundance patterns. However, knowledge of these drivers
can be obscured by challenges stemming from species detectability and
autocorrelated data. Longfin Smelt (Spirinchus thaleichthys) in the San
Francisco Bay-Delta have become rare as the result of dramatic declines in
abundance. Abundance indices from a multitude of surveys in the Bay-Delta
have documented these declines, but utilizing survey data to support recovery
has been more challenging. To elucidate the spatiotemporal drivers of Longfin
Smelt abundance patterns, we employed spatial multistate (“abundant”)
dynamic occupancy models that integrated surveys across seasons from three
fish monitoring programs. We found that species occupancy may be driven by
broad-scale temporal and spatial processes not accounted for in the environ-
mental covariates we used given the relative importance of day of year and
spatial and year random effects. However, we also found that relatively high
abundance may be driven in part by local habitat conditions. Our analysis
approach allowed us to capture various sources of heterogeneity in the data
and map seasonal distribution and abundance patterns for this rare species
that can be used to inform policy and management decisions in the Bay-Delta.

KEYWORDS
integrated modeling, Longfin Smelt, monitoring, San Francisco Bay-Delta, spatial dynamic
multistate occupancy models, Spirinchus thaleichthys

distributions may depend on life stage or time of year.
Understanding these complex patterns may be key to
effective management, such as targeting limiting

inform species management and can make the difference
between recovery and extinction (Bain et al., 2007;
Coonan et al., 2010; Guisan & Thuiller, 2005; Solomon,
1998). While distributions of fish and wildlife are often
treated as static, animals move, are recruited into the popu-
lation, and die, resulting in dynamic distribution patterns
owing to these dynamic processes (Guillera-Arroita, 2017;
Kéry et al., 2013). Therefore, the drivers of species

factors present during certain life stages, or to form
multifaceted management plans with elements for the
full annual cycle (e.g., de Paula Costa et al., 2022;
Rosenberg et al., 2016).

Insights into distribution patterns benefit from statis-
tical approaches that account for all important phenom-
ena giving rise to these patterns (reviewed in Kéry &
Royle, 2016). While environmental drivers are typically
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of interest, imperfect detection of animals and unexp-
lained variation are also important features of statistically
based models of species distributions (MacKenzie et al.,
2017). Imperfect detectability may result in underco-
unting individuals. Additionally, it can confound envi-
ronmental relationships when detection itself is related
to an environmental feature (Gu & Swihart, 2004; Tyre
et al., 2003). For example, it would be difficult to assess
how streamflow affects resident fish populations without
addressing that fish are more difficult to catch when
water is deep and currents are swift (Peterson & Paukert,
2009). Unexplained variation in distribution patterns that
cannot be accounted for by the known or available envi-
ronmental drivers is also important to model (Dormann,
2007; Hurlbert, 1984). An estimate of this spatial autocor-
relation assesses the amount of variation in distribution
patterns that remains unexplained. If a large amount of
variation is unexplained, it can be a prompt to search for
the missing information, perhaps an important environ-
mental driver (Dormann et al., 2007). It also reduces the
likelihood of type I error, falsely concluding a variable is
significant (Dormann et al., 2007).

Rare and imperiled species are paradoxically the most
in need of statistically sound insights and are also often
data limited for these data-dependent methods (Jeliazkov
et al., 2022; Lomba et al., 2010). This has led to the popu-
larity of occupancy models for modeling rare species
(Durso et al., 2011; Linkie et al., 2007; Specht et al.,
2017). Occupancy models are an important class of spe-
cies distribution models that estimate true occupancy by
explicitly accounting for imperfect detection (MacKenzie
et al., 2003). While they require repeat surveys, the model
assumptions are generally reasonably met for most stud-
ies (reviewed in Kéry & Royle, 2016). The Bernoulli error
distribution used to estimate occupancy probability
inherently works with data with a large proportion of
zeros, the type of data rare species tend to produce.
Additionally, dynamic processes can be explicitly
modeled to describe and understand changing occupancy
of sites (MacKenzie et al., 2009).

While occupancy models have significant ad-
vantages, they reduce any information on variation
in abundance to 1 or 0, detected or not detected.
Multistate occupancy models—a type of occupancy
model with more than two states—can bridge this gap
by estimating different abundance states, for example,
low abundance versus high abundance (MacKenzie
et al.,, 2009). Furthermore, multistate occupancy
models retain the advantages of the basic occupancy
model by having reasonable assumptions, separating
the process giving rise to the zeros in the data, and the
ability to model dynamic occupancy. While they have
seen limited use for modeling abundance patterns of

rare species, a recent simulation paper verified their
efficacy for this purpose (Steen et al., 2023).

The fish of the San Francisco Bay-Delta (hereafter
Bay-Delta) serve as a useful case study for testing the
value of advanced empirical approaches for improving
insights to support rare fish species management. Many
historically abundant native fish species in the Bay-Delta
have declined to low numbers such that they have
become rare and in need of management intervention to
avoid becoming extirpated (Newman, 2008; Sommer
et al.,, 2007, Sweetnam & Stevens, 1993). Implicated
causes include many of the usual challenges for aqu-
atic systems worldwide, such as flow alterations and
water diversion, introduced species, and climatic shifts
(Herbold et al., 2022; Kimmerer, 2008; Kimmerer & Orsi,
1996; Nobriga & Rosenfield, 2016; Sommer et al., 2007).
In the Bay-Delta, fish are sampled regularly (biweekly to
monthly) by a multitude of surveys to document popula-
tion changes and inform management strategies to sup-
port species recovery (Stompe et al., 2020). Annual
population indices using mean fish counts across surveys
have documented precipitous population declines for
numerous species (Newman, 2008; Sweetnam & Stevens,
1993). They have historically been the basis for manage-
ment (e.g., Sommer et al., 2007; Stompe et al., 2020;
Thomson et al., 2010) enabling research into the response
of fish to key environmental variables in the Bay-Delta
including turbidity (measured as secchi depth), tempera-
ture, and salinity, along with estimated daily Delta out-
flows from the Sacramento and San Joaquin rivers and
the related “X2” line—the distance from the Golden Gate
Bridge to the point where the salinity is 2 parts per thou-
sand at a depth of 1 m below the surface (e.g., Hammock
et al., 2019; Mac Nally et al., 2010; Peterson & Barajas,
2018). Importantly, these surveys also pointed to a
knowledge gap: Peterson and Barajas (2018) found a
strong spatial signal in fish distributions—quantified as
spatial random effects—that was not accounted for by
these environmental variables. The large spatial effect
indicated that specific locations were persistently more or
less occupied than others, indicating a large gap in under-
standing of the spatial drivers of fish distributions in the
Bay-Delta. These indices are now regarded as limited for
informing species recovery, given biases from imperfect
detectability and the need to understand spatially
dynamic distributions of these highly mobile species
(Duarte & Peterson, 2021; Latour, 2016; Mahardja et al.,
2017; Mitchell et al., 2017, 2019; Newman, 2008;
Peterson & Barajas, 2018; Polansky et al., 2018; Simonis
& Merz, 2019).

Spatial dynamic multistate occupancy models explic-
itly address imperfect detection and spatial autocorrela-
tion, and multiple states can be defined to estimate
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variation in abundance. We focused on the Bay-Delta
Longfin Smelt (Spirinchus thaleichthys), a fish that moves
between the freshwater delta, brackish bay, and near-
shore coastal areas depending on life stage. Our objectives
were twofold: (1) to develop a more cohesive understand-
ing of the distribution and abundance patterns of the
Bay-Delta Longfin Smelt to support recovery for this feder-
ally endangered population and (2) to elucidate a frame-
work for modeling distributions of rare species. In the
multistate occupancy model, we defined three categories
of site-level abundance: not-occupied, occupied (but not
relatively abundant), and relatively abundant states to esti-
mate abundance dynamics while accounting for imperfect
detection and spatial autocorrelation. Given the availabil-
ity of different surveys conducted during different seasons
but at a consistent set of 30 stations (hereafter site), we cre-
ated an integrated model by estimating detectability for
each dataset but estimating dynamic occupancy together.
By integrating datasets into a single spatial dynamic multi-
state occupancy model, we provide a more tenable
accounting for the species’ known variability in detectabil-
ity, distribution, and abundance patterns while also
increasing the temporal resolution of population dynamics
by modeling the spatial and temporal autocorrelation
inherent in the count data.

METHODS
Study area

The San Francisco Bay-Delta is formed of the San
Francisco Bay and, to the northeast, a large inland delta
made up of the confluence of the 111,000 km? Sacramento
and San Joaquin River watersheds; together, this forms
the largest estuary on the Pacific Coast. The whole estuary
drains into the Pacific Ocean at the Golden Gate Bridge,
while tides bring the saltwater of the Pacific Ocean into
the bay creating a saline to freshwater gradient from the
Golden Gate through San Pablo Bay, the Carquinez strait,
Suisan Bay, and to the Delta (Figure 1). The Delta has
been highly modified from a vast area of floodplains and
marshes to leveed channels that export freshwater
resources and protect islands from water incursion
(Kimmerer, 2004; Moyle, 2002). The Bay-Delta provides
habitat to 500 species of fish and wildlife, 20 of which are
threatened or endangered (US EPA, n.d.).

Study species

Longfin Smelt is a small (<150 mm), pelagic, estuarine
fish species that is distributed from California to Alaska

(Merz et al., 2013; Moyle, 2002). A facultative anadro-
mous species, across life stages they occupy the full gradi-
ent from freshwater to saltwater. In the San Francisco
Bay-Delta, Longfin Smelt can be distributed throughout
the estuary depending on the time of year and prevailing
precipitation (Merz et al., 2013; Rosenfield & Baxter,
2007; Figure 1). During the winter and wetter parts of the
year, spawning adults can be found moving in from the
marine and brackish environments into low salinity and
freshwater habitat from the South Bay to the Delta.
Larvae have been found in fresh to brackish regions
throughout the estuary in the winter/spring period
(Grimaldo et al., 2020; Lewis et al., 2020). Juveniles tend
to be distributed more seaward and become rarer in the
upper estuary of the Delta and Suisun Bay during the
summer period (Merz et al., 2013). In fall and winter,
juveniles and spawning adults become more widely dis-
tributed throughout the estuary and most spawning takes
place from February to April in tidal freshwater habitats
(CDFW, 2018; Grimaldo et al., 2017; Merz et al., 2013;
USFWS, 1996). Formerly abundant in the Bay-Delta, the
Bay-Delta population is now listed as Endangered under
the Endangered Species Act (ESA; 89 Fed. Reg. 61029;
August 29, 2024). Declines have been attributed to myr-
iad sources including decreased freshwater outflow, com-
petition for zooplankton prey from invasive bivalves, loss
of habitats for larval recruitment, increases in tempera-
tures, and increased water clarity (Grimaldo et al., 2017;
Hobbs et al., 2017; Kimmerer, 2008; Latour, 2016; Mac
Nally et al., 2010; Moyle, 2002; Sommer et al., 2007;
Thomson et al., 2010).

Data

To obtain fish count data, we used the R packages
deltafish and LTMRdata that combine nine Bay-Delta
fish monitoring program datasets (Bashevkin et al., 2022;
Clark & Bashevkin, 2022). Among the datasets, three
were suited to creating spatial dynamic multistate occu-
pancy models for Longfin Smelt: Delta Smelt 20 mm
(20 mm), Summer Tow Net (STN), and Fall Midwater
Trawl (FMWT). These surveys together provide continu-
ity for most of the year with the 20-mm covering spring
(March-May; 8-10 survey periods), the STN covering
summer (June-August; six survey periods), and the
FMWT covering fall (September-December; four survey
periods). While these monitoring programs sample a
varying number of locations, a set of 30 sites are consis-
tent between the three surveys and across years. For all
three, the tow method is the same, but the net and mesh
size are much larger for the FMWT than for the STN
and 20 mm (Mitchell et al., 2019). For all three, a
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FIGURE 1 Locations of sites surveyed by the three monitoring programs in the San Francisco Bay-Delta used in this study. Thirty sites
were consistent between the three monitoring programs. Site numbers are shown; in some cases, actual locations varied slightly as indicated

by locations of symbols on the map.

stepped-oblique tow method is used, but the net and
mesh size are much larger for the FMWT than for the
STN and 20 mm (Mitchell et al., 2019). With stepped-
oblique towing, the net is lowered to the bottom of the
water being sampled and retrieved over a set time inter-
val (usually 10-12 min); it is brought back to the surface
in a stepped fashion where the rapid raising of the net is
paused for consistent intervals of time. The maximum
mouth area is 13.4 m* and the maximum mouth height is
3.7 m for the FMWT; the mesh size is 20.3 cm near the
net mouth and 1.3 cm at the cod end. The maximum
mouth area is 1.51 m* and the maximum mouth height is
1.2 m for the STN; the mesh size is 1.3 cm near the

mouth and 2500 pm at the cod end. The maximum
mouth area is 1.51 m* and maximum mouth height is
1.18 m for the 20-mm survey. The mesh size is 1600 pm.
The 20-mm survey conducts three replicate tows for each
visit to a site; the STN conducts two to three replicate
tows for each visit (in the data we used, 59% of visits
contained three replicates, the remainder contained two);
the FMWT conducts one tow per visit.

We selected data from the most recent 11 years
(2011-2021) to describe more recent Longfin Smelt popu-
lation dynamics. We focused on this recent decade due to
an earlier ecosystem shift cited by a stakeholder group
(Peterson et al., 2024). We retained all available seasonal
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surveys from the STN and FMWT. For the 20-mm
dataset, to mitigate interannual variation in capture prob-
ability due to interannual variation in larval sizes and
size selectivity of the net, we filtered by length. As is done
to filter the 20-mm dataset for the target species, Delta
Smelt (Hypomesus transpacificus), we selected the five
surveys each year that represented the first survey
where Longfin Smelt measured 20 mm and the two
prior and the two subsequent surveys. Survey 2 was not
conducted in 2020 due to COVID-19 concerns, so we
instead used survey 1. For 2014, where the size crite-
rion was met by survey 1 (thus there were not two sur-
veys prior), we used surveys 1-5. We created two
datasets, leaving FMWT out of one dataset given that
we had some uncertainty about the ability of the model
to estimate detectability without replicate surveys, thus
needing to condition on the underlying latent occu-
pancy state. The “two-survey” dataset included data
from 20 mm and STN. The “three-survey” dataset
included data from 20 mm, STN, and FMWT.

To explain Longfin Smelt temporal distributions, we
obtained environmental covariates related to surveys and
stations (Table 1). We utilized environmental measure-
ments collected during the surveys, including salinity,
secchi depth, temperature, and water depth. Because tide
data collected during the surveys were inconsistently col-
lected, we downloaded tide height data from the National
Ocean and Atmospheric Administration (NOAA) from the
station at Port Chicago, CA (accessed September 9, 2022,
at  https://tidesandcurrents.noaa.gov/stationhome.html?
id=9415144). Based on changes in tide height, we classi-
fied tides as slack, flood, and ebb. We used a height
change of <0.016 m from a baseline height of 1.7 m in
6 min to indicate a slack tide, with flood tides or ebb tides
exceeding that rate of change. We obtained estimates
related to delta outflow from Dayflow, a hydrological
model (accessed October 3, 2022, at https://data.cnra.ca.
gov/dataset/dayflow). Dayflow estimates a suite of hydro-
logical variables, including river inflows, river exports, as
well as net delta outflow and X2. We considered both
delta outflow and X2 but only consider delta outflow in
models presented here, given the high -correlation
between the two and the greater improvement in devi-
ance information criterion (DIC) in preliminary models
when including delta outflow versus X2. Aquatic habi-
tats have been found to correlate with stomach fullness
for Delta Smelt, with a twofold increase in stomach full-
ness from the minimum (0 km?) to the maximum
(4.89 km?) tidal wetland area (Hammock et al., 2019),
which presumably impacts survival and reproduction.
While not typically included as covariates in models of
Bay-Delta fish distribution where water quality charac-
teristics are favored, ours was an effort to include all

possible available environmental drivers of distribu-
tions. Thus, we obtained information on aquatic habi-
tats from the Delta Aquatic Resource Inventory (DARI)
and Bay Area Aquatic Resource Inventory (BAARI) GIS
layers (SFEI ASC [San Francisco Estuary Institute and
Aquatic Science Center], 2017; SFEI, 2022). Based on
exploratory analyses, we considered the following
aquatic habitats: tidal vegetation, tidal woody vegeta-
tion, depressional unnatural vegetation (summed with
the highly correlated depressional open water), tidal
panne, woody slope unnatural, tidal channel, and tidal
bay flat (Figure 1; Table 1). We calculated the propor-
tion of cover of these habitat types in a buffer of 2 km
surrounding each site based on the scale used to model
Delta Smelt relationships to aquatic habitats (Hammock
et al., 2019). To account for important variation related
to survey when the survey was conducted, type, and
effort, we also included covariates for survey source,
number of days since the last survey, water year (the
year beginning October 1, the start of the rainy season),
day of year, and tow volume (Table 1).

Spatial dynamic multistate
occupancy model

To estimate Longfin Smelt population dynamics, we used
spatial dynamic multistate occupancy models describing
three states: unoccupied (1), occupied by a relatively low
number of individuals (hereafter occupied, 2), and occu-
pied by a relatively high number of individuals (hereafter
abundant, 3). We defined abundant using the 0.8 quantile
of the distribution of counts, an optimized threshold from
a simulation-based study (Steen et al., 2023). To find the
threshold value, we combined the maximum counts
obtained from each set of replicate tows from the three
datasets into one dataset and determined the 0.8 quantile.
If the count for a given replicate tow was greater than or
equal to the threshold, we categorized it as abundant. We
follow the notation used by Kéry and Royle (2020)
and predecessors in describing the model parameters
and indices. Thus, y;;, denotes the observed state at site
i(i=1..M),survey j (j=1 .. J), and survey period
t(t=1..T7),and z;, represents the true latent occupancy
state for site i at survey period t. The model only assumes
that the true latent occupancy state does not change for a
given survey period at a site; thus, it is robust to changes
in the numbers of individuals present. The observation
¥ij: depends on the true occupancy state z;, and detection
probability p; ;.

Yije ~ Cat (Zi,tPiJ,t) .
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TABLE 1 Summary statistics for explanatory covariates included in global Longfin Smelt multistate occupancy models.
Description Summary

Detection probability models: p
Survey source: 20 mm, STN, or FMWT

Volume of water sampled by the tow (m®)

State transition probability models: ¢, p

No. days since the last survey at that location

Day of the year

Bottom depth: recorded at time of tow or an average for that location (m)
Salinity measured at the water surface (ps/cm>)

Water temperature measured at the water surface (°C)

Estimate of daily delta outflow (cfs)

Tide direction: Flood (I), ebb (D), or slack (S)

Tidal vegetation: Proportion of natural vegetated tidal habitat in a 2-km

radius surrounding survey station (tv)

Depressional vegetated and non-vegetated unnatural: Small artificially
impounded water bodies with no tidal connection and the vegetated areas
adjacent to open water (dvwu)

Woody slope unnatural: Slope wetland with woody vegetation in modified
environments; commonly along levees (fsu)

Tidal Marsh Panne Natural: Unvegetated ponds in marsh plain (tp)

20 mm = 4783; STN = 5117; FMWT = 1199

20 mm: X =921 (134; 222, 1426)
STN: X =682 (61; 26, 1479)
FMWT: X = 5046 (890; 2711, 8560)

Two survey: X = 32 (58.5; 4, 246)
Three survey: X =24 (24.7; 4, 142)

Two survey: X = 160 (44.8; 75, 241)
Three survey: X =175 (61.2; 75, 352)

Two survey: X = 8.1 (3.6; 0.3, 21.6)
Three survey: X = 8.3 (3.7; 0.3, 22.9)

Two survey: X = 3.2 (5.5; 0.0, 27.3)
Three survey: X = 3.4 (5.6; 0.0, 27.8)

Two survey: X =20 (3.0; 12, 29)
Three survey: X =19 (3.2; 7, 29)

Two survey: X = 19,010 (26,119; 2263, 131,167)
Three survey: X = 17,884 (25,051; 1981, 131,167)

Two survey: I = 2842, S = 4405, D = 2653
Three survey: I = 3230, S = 4982, D = 2887

Two survey: X = 0.06 (0.08; 0.00, 0.30)
Three survey: X = 0.06 (0.08; 0.00, 0.30)

Two survey: X =0.05 (0.15; 0.00, 0.79)
Three survey: X = 0.05 (0.15; 0.00, 0.79)

Two survey: X = 0.004 (0.009; 0.000, 0.041)
Three survey: X = 0.004 (0.009; 0.000, 0.041)

Two survey: X =0.001 (0.005; 0.000, 0.026)

Tidal channel natural (tc)

Tidally connected willow wetland (tvw)

Bay flat: Occurs between mean tide level and mean lower low water, not

channelized with little vegetation (tbf)
Detection and transition probability models

Secchi depth (cm)

Three survey: X = 0.001 (0.004; 0.000, 0.026)

Two survey: X =0.015 (0.15; 0.00, 0.57)
Three survey: X =0.15 (0.15; 0.00, 0.57)

Two survey: X = 0.006 (0.013; 0.00, 0.074)
Three survey: X = 0.007 (0.013; 0.000, 0.074)

Two survey: X = 0.007 (0.012; 0.00, 0.045)
Three survey: X = 0.006 (0.012; 0.000, 0.045)

Two survey: X =75 (47.5; 7, 300)
Three survey: X =78 (51.1; 7, 470)

Note: For continuous variables, parentheses contain the SD followed by the minimum and maximum values. Two survey refers to the dataset containing the
combined 20 mm and STN surveys; and three survey refers to the dataset containing 20 mm, STN, and FMWT surveys.

Abbreviations: FMWT, Fall Midwater Trawl; STN, Summer Tow Net.

Detection probability depends on whether the true
state is two or three. We assumed no false positives where
a higher state is detected than the true state (e.g., state
3 is never detected when the true state is two) and
modeled conditional detection probability as p, (the
probability of detecting state 2 given true state 2), ps,
(the probability of detecting state 2 given true state 3),

and ps; (the probability of detecting state 3 given true
state 3). We modeled these three parameters with
logit-linear models as follows:

logit (pzm) =Py + B, STNy, + p,FMWT;, + Bssecchiy,

+ p,tow volume; j ;,
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where  is the parameter estimates, STN and FMWT are
the binary indicator variable for samples collected with
the STN and FMWT, respectively, and secchi and tow vol-
ume are described above. The global model is shown only
for p,; the same global model was used for ps, and pass.

Conditional on the true occupancy state (rows), the
probability of detecting the three states (columns) was
according to the following matrix © (theta):

1 0 O
1-p, p, O
1—ps —=P33 P32 P33

Oz0 =

We estimated initial site-level (i) multistate occu-
pancy by modeling the probability of being occupied (y,
occupancy probability regardless of abundance state) and
abundant (r, the probability of an occupied site being in
the abundant state) as a logit-linear function of estimated
spatial relationships:

logit(y;,_;) = &+ smooth;.

The same model structure was used for r, where a is the
intercept and smooth is a spatial smooth. We used
thin-plate splines to estimate two-dimensional (spatial)
smooths (Collier et al., 2012). We used 20 knots from which
to estimate spatial relationships. As suggested by Kéry and
Royle (2020), we mean centered the estimated smooth, so it
is not confounded with the intercept of the model.

The latent initial site-level occupancy states were cat-
egorically distributed, given the probabilities of not being
occupied (1—1;,;), being occupied (y;,_(1—rie1)).
and being abundant (y;,_,ri.1), states 1, 2, and 3,
respectively, as follows:

Zit=1" Cat(l —Wit=1> Wi,t:l(l —Trit=1), ‘I’i,x:lri,t:l)-

Given initial occupancy, subsequent occupancy estimates
were modeled using six transition probability parameters
to describe transition probabilities between the three
states: ¢, is the probability that a site (i) is occupied at
survey period t given state x in the previous survey period
(t—1), and p, is the conditional probability that an occu-
pied site is abundant given state x in the previous survey
period. We described global models to explore the effects
of aquatic habitats, water quality characteristics, tide, and
day of year while accounting for residual spatial and tem-
poral autocorrelation (see Table 1 for variables and defi-
nitions). We modeled the water quality characteristics
with randomly varying slopes at the site level because we
expected relationships to vary depending on location
given the varying range of these covariates by site. For

example, salinity ranges at a brackish site cover larger
values than salinity ranges at a freshwater site; thus, the
juvenile or sub-adult life stage which may prefer moder-
ate salinity might respond negatively to salinity changes
at brackish sites and positively at freshwater sites. With
respect to outflow—which does not vary by site—bigger
outflow events may move fish outward in the estuary
which may result in increases at some sites and decreases
at others. We included a spatial smooth for each parame-
ter as described for initial occupancy to account for spa-
tial autocorrelation and a random effect of water year on
the six transition probabilities to account for unexplained
temporal variation. The state transition parameters: ¢,
(probability of becoming occupied given unoccupied at
time t—1), ¢, (probability of staying occupied given
occupied at time t— 1), ¢5 (probability of being occupied
given occupied in the abundant state at time t—1), p;
(conditional probability of becoming abundant given
unoccupied at time t—1), p, (conditional probability of
becoming abundant given occupied at time ¢ —1), and p;
(conditional probability of staying abundant given abun-
dant at time ¢ — 1) were modeled as a logit-linear function
of the model parameters (only ¢, is shown here):

logit (y;) = By, + BriX1is + - + Bg,XQ.s + smooth.

The randomly varying intercept was assumed normally
distributed with mean y and variance .

Site-level occupancy states (columns) for time periods
t>1 were governed by transition probabilities given
occupancy during the previous time step (rows)
according to the following matrix @:

I—=¢; ¢i(1—p1) dipy
q)z(t—l),z(t): 1—d, &(1=py) byp,
I—d; d3(1—p3) dsps

Estimated occupancy for site i at time ¢ for t> 1 is
then categorically distributed as follows:

Zig | Zig—1~ Cat(Dyr—1)z(0)ic)-

Because we considered covariate rich global models, we
used a variable selection procedure to aid inference.
We used Gibbs variable selection, where the priors for
the coefficients 6; depend on Bernoulli distributed indica-
tor variables w; as follows:

0) | ; ~ w;Norm (0, 7*) + (1 — &;) Norm(ppe, Stune)-

We chose the tuning parameters (e, Otune) t0 be near
the posteriors for each coefficient (Dellaportas
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et al., 2002). Thus, we fit the global model to obtain the
tuning parameters for each coefficient before fitting
models using Gibbs variable selection. Using tuned priors
does not influence the posterior for 6; as might be
expected, but it rather improves the behavior of the
MCMC algorithm (Hooten & Hobbs, 2015). We first ran
the group of detection models (p,, ps,, P33) and then ran
the transition probability models one submodel at a time
in the following order: ps, p,, p1, $3, $5, ¢ At each step,
we first fit the global submodel to obtain posteriors for
the tuning parameters and then ran the model with vari-
able selection. Once the important variables were
identified—as those with indicator posterior estimates
greater than the prior—we retained those variables and
proceeded to the next submodel. In the procedure, other
submodels were estimated using an intercept only, unless
variables had been selected for that submodel, in which
case the submodel was specified using the selected vari-
ables. Once all important variables were identified for all
submodels, we reran the full model with uninformative
priors and we present intercept and coefficient estimates
based on that final model.

We ran our analyses in R (R Core Team, 2023) using
JAGS (version 4.3.0, Plummer, 2003) via the R package
jagsUI (version 1.5.2, Kellner, 2018). To compute the spa-
tial coverage design for the spatial smooth, we use the R
package fields (Nychka et al., 2021). We used the jagsUI
function autojags to run submodels to convergence
(lAQ <1.1). We specified 1000 burn-in, 3 chains, and other-
wise used the default autojags settings. The final
three-survey model ran for 168,000 iterations, while the
final two-survey model ran for 162,000 iterations. We
standardized all continuous covariates to have a mean of
0 and SD of 1. For any missing values for salinity, tem-
perature, secchi, and delta outflow, we substituted the
average standardized values for the prior and subsequent
surveys for that station. We standardized tow volume by
survey source (i.e., within group standardization follow-
ing, Raudenbush & Bryk, 2002); for any missing values,
we substituted the average standardized values across sta-
tions for that survey period. The aquatic habitat
covariates, which only varied spatially, did not have any
missing values.

To aid interpretation, in addition to coefficient esti-
mates, we report odds ratios for covariates in the final
transition probability models (Mackenzie et al., 2006).
Because continuous covariates were standardized, odds
ratios reflect one SD change in continuous covariates.
For year random effects, we report median odds ratios
following Larsen et al. (2000). To calculate median
odds ratios for spatial random effects, we followed a
similar approach and calculated odds ratios between
all pairs of stations, dividing the larger value by the

smaller value. We then calculated the median value of
these odds ratios.

RESULTS

The three-survey dataset had 4776 total primary occa-
sions conducted across 11 years, with 15 surveys per year
(except in 2021 where there were 11) conducted at 30 sites
minus missed surveys (Appendix S1: Table S1). The 0.8
quantile of non-zero counts was 21, and thus, replicate
tows were classified as abundant if at least 21 individuals
were captured. Naive occupancy estimates indicated that
sites were occupied in 15.5% (n = 741) of the primary
occasions with 3.2% (n = 152) occupied in the abundant
state (Figure 2). Occupancy models, which estimated
occupancy for sites while accounting for imperfect detec-
tion, and even if the survey was not conducted, estimated
occupancy for a total of 4832 primary occasions. Sites
were estimated to be occupied for 25.2% (n = 1219) of
surveys, with 5.7% (n = 274) occupied in the abundant
state (Figure 2).

Occupancy

The two-survey and three-survey datasets produced simi-
lar results; thus, we present results for the three-survey
dataset in the main body of the paper and results for the
two-survey dataset in Appendix S1. Initial mean (across
sites) probability of occupancy was 0.29 (CI: 0.08, 0.55),
and initial mean probability of being in the abundant
state was 0.13 (CI: 0.01, 0.44). There was variation in the
parameters that influenced each of the six transition
probabilities (Table 2). The day of year was important for
five of the six transition probability parameters. There
also was strong evidence that the changes in occupancy
through time were quadratic rather than linear. There
was little-to-no evidence that the state transition proba-
bilities were related to environmental variables salinity,
surface water temperature, delta outflow, and secchi
depth as evidenced by the small posterior indicator vari-
able means (Table 2). By contrast, ebb tide was selected
for two transition models, but the evidence for flood tide
was weaker. Bottom depth was positively related to the
conditional probability of staying abundant (ps;) or
becoming abundant once occupied (p). A number of
habitat covariates were important to remaining (ps) or
becoming abundant (p,); this included unnatural woody
slopes (negative relationship), willow wetlands (negative
relationship), and tidal bay flats (positive relationship)
(Table 2). While the variable selection procedure did not
always select the number of days since the last survey,
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FIGURE 2 Naive and estimated multistate occupancy for the three-survey dataset (20-mm survey, Summer Tow Net [STN], and Fall
Midwater Trawl [FMWT]) showing the number of sites (out of 30) that were occupied or abundant across 15 survey periods per year.

we retained this covariate in all final transition probabil-
ity models because it addressed sampling variation of
known importance (i.e., the variation in the number
of days since the last survey).

The probabilities of becoming occupied if previously
unoccupied or occupied (¢;, $p) were highly dependent on
the day of year as well as the random effects of year and
space as evidenced by the large median odds ratios
(Table 3, Figures 3 and 4). Spatial estimates indicated that
these probabilities increased for sites near or past the con-
fluence of the rivers (Figures 3 and 5); however, the overall
picture varied by season with sites upriver estimated to be
occupied depending on season and year (Figure 5;
Appendix S1: Figures S15-25). The probability of becom-
ing abundant if occupied or staying abundant (p,, p;) was
most strongly influenced by woody habitats (3- to 10-fold

lower likely with a 1 SD increase; Table 4, Figure 4) with
relatively smaller effects of depth, day of year, and the ran-
dom effects of year and space (Figures 3 and 4).

Detection

The estimated probability of detecting occupancy, given
that a site was occupied in the non-abundant state (p,),
for the 20-mm survey was 0.21 (CI: 0.15, 0.29; Table 5).
The estimated probability of detecting occupancy given
the abundant state (ps,) in the 20-mm survey was 0.66
(CI: 0.57, 0.75), and the probability of detecting abundant
given the abundant state (pz3) was 0.31 (CI: 0.23, 0.41).
Detection probabilities p32 and p33 were derived using a
multinomial logit link based on posterior samples of the
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TABLE 2
occupancy models.

Transition parameters

Posterior means of indicator variables for the explanatory variables in global models for the spatial dynamic multistate

Detection parameters

Variable &, b,
Source

Tow volume

No. days since last survey 025 0.54
Day of the year 053 044
Day of the year* 094 1.00
Bottom depth 0.06 0.14
Salinity 0.00 0.00
Secchi depth 0.00 0.00
Surface water temperature 0.00 0.00
Delta outflow 0.00 0.00
Flood tide 0.08 0.13
Ebb tide 047  0.98
Tidal vegetation 0.07 0.11
Depressional vegetated and non-vegetated unnatural  0.03  0.16
Woody slope unnatural 0.08 0.12
Tidal marsh panne natural 0.03 0.06
Tidal channel 0.05 0.08
Tidally connected willow wetland 013 022
Bay flat 0.05 0.15

b3 P1 P2 P3 ) 2 P3; D33
1.00,1.00 1.00,1.00 1.00,1.00
0.03 0.53 0.52

049 092 041 0.72
0.86 044 0.84 033
1.00 025 098 0.99
0.31 027 0.52 0.90
0.00 0.4 0.00 0.00
0.00 0.14 015 0.00 1.00 1.00 1.00
0.00 0.17 0.00 0.02
0.00 0.12 0.09 0.00
045 046 013 015
0.58 049 043 0.27
034 026 0.06 0.17
024 023 0.06 0.05
047 023 012 0.97
049 034 010 0.06
036 031 031 0.10
049 030 0.54 0.85
049 033 0.72 0.08

Note: The three-survey dataset results are presented here (see Appendix S1: Table S2 for the two-survey dataset results). Means >0.5 (the prior probability for

the indicator) are indicative of an important variable and are shown in boldface.

intercepts (i.e., baseline detection, assuming centered
covariates). Secchi depth had a big effect on detection; for
example, with one SD increase in secchi depth
(451 cm), the probability of detecting occupancy in the
non-abundant state decreased from 0.21 to 0.03 (CI:
0.02, 0.05) for the 20-mm survey. In the STN survey,
detection probabilities decreased for p, to 0.06 (CI: 0.03,
0.09), increased for p;, to 0.72 (CI: 0.51, 0.89), and
decreased for p;; to 0.05 (CI: 0.02, 0.09). The probability
of detecting occupancy, given that a site was occupied in
the non-abundant state, was lower for the FMWT survey
than for the 20-mm survey (p, = 0.05; CI: 0.02, 0.10);
given the abundant state, the probability of detecting
occupancy was very high (ps, = 0.97; CI: 0.74, 1.00), but
the probability of detecting the abundant state was very
low (p33 = 0.005; CI: 0.00, 0.03).

For the three detection probability parameters, the
survey source was always selected, as was secchi depth
(Table 5). While tow volume was not always selected, we
retained this covariate in all models given the inherent
relationship between variation in fish counts and varia-
tion in the volume of water sampled.

DISCUSSION

Imperiled fish and wildlife species need statistically
sound insights to guide efficacious management
actions. We demonstrated the use of a spatial dynamic
multistate occupancy approach for a once common,
but now rare, fish, the Bay-Delta population of the
Longfin Smelt. Our approach achieved and validated a
number of objectives relevant to many systems includ-
ing disentangling the impact of variables on detectabil-
ity versus their impact on occupancy, understanding
the drivers of high versus low abundance, understand-
ing the dynamics of the population, and gaining insight
into information gaps where environmental variables
may be missing. Compared to the normal metric
utilized for insights into Longfin Smelt populations—
a static annual population index—our approach
allowed us to elucidate a complex picture of a highly
dynamic fish population with unspecified broad-scale
forces (random effects of year and space) relating to
occupancy and local habitat features relating to
abundance.
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TABLE 3 Mean estimates, SD, upper and lower 95% credible intervals, and odds ratios (ORs) or median ORs for random effects for

occupancy state transition probabilities for the three-survey dataset (see Appendix S1: Table S3 for the two-survey dataset).

Parameter Mean

Probability of becoming occupied if unoccupied, ¢,

Intercept —3.66
Year random effect (SD) 0.95
Spatial smooth (min. estimate) (site 912) —2.44
Spatial smooth (max. estimate) (site 501) 1.08

Spatial random effect (OR only)

No. days since last survey —1.00
Day of the year 0.17
Day of the year? 1.10
Probability of remaining occupied if occupied, ¢,
Intercept =27
Year random effect (SD) 0.48
Smooth (min. estimate) (site 912) —4.38
Smooth (max. estimate) (site 405) 2.33

Spatial random effect (OR only)

No. days since last survey 0.25
Day of the year 0.01
Day of the year? 1.73
Ebb tide 0.78

Probability of remaining occupied if abundant, ¢

Intercept 1.67
Year random effect (SD) 4.54
Smooth (min. estimate) (site 912) -1.18
Smooth (max. estimate) (site 340) 1.15

Spatial random effect (OR only)

No. days since last survey —0.99
Day of the year —2.57
Day of the year? 1.59
Ebb tide 0.64

SD Lower 95% Upper 95% OR
0.48 —4.64 —2.78
0.31 0.52 1.69 2.53
0.78 —4.09 —1.02
0.22 0.65 1.52

2.50
0.62 —-2.37 —0.04 0.37
0.21 -0.24 0.58 1.19
0.20 0.70 1.48 3.00
0.64 —3.54 —1.04
0.32 0.03 1.24 1.94
2.12 —8.96 —0.55
0.56 1.31 3.50

6.26
0.72 —1.07 1.76 1.28
0.44 —0.88 0.86 1.01
0.40 0.98 2.55 2.99
0.33 0.15 1.46 2.19
1.84 —1.47 5.77
2.28 0.95 9.42 7.62
3.60 —12.00 2.03
291 —-1.03 9.62

1.87
0.96 —-2.90 0.86 0.37
1.18 —4.94 0.32 0.08
1.20 —0.85 3.86 4.89
1.16 —1.56 3.03 1.89

Note: Transitional probabilities are conditional on the occupancy state during the previous survey.

Modeling detectability allowed us to disentangle the
effects of visibility (modeled as secchi depth) on detect-
ability versus site occupancy. While imperfect detect-
ability can be problematic for estimating true
population size by producing undercounts of actual
numbers, it can also bias estimated environmental rela-
tionships (Tyre et al., 2003). In the Bay-Delta, studies
have found that sites with increased secchi depth have
correlated with low fish abundance (Latour, 2016;
Mahardja et al, 2017; Sommer & Mejia, 2013).
However, it has also been acknowledged (Latour, 2016)
or found (Peterson & Barajas, 2018) that sites with
increased secchi depth have reduced detectability and

not necessarily lower abundance or occupancy rates. In
our analysis, this variable consistently related to
reduced detectability across occupancy states, indicat-
ing that this variable should be included in any popula-
tion calculations for Longfin Smelt or possibly similar
fish in the Bay-Delta. The fact that this variable was
not selected in occupancy models but was consistently
retained in detectability models suggests that Longfin
Smelt occupancy at sites with higher water clarity is
not affected, but that detection is reduced—possibly
due to behavioral responses to increased visibility in
the water column. Other fish studies have found a sim-
ilar effect, underscoring the importance of explicitly
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addressing detectability in aquatic systems (e.g., Guest
et al.,, 2003; Kaartvedt et al., 2012; Rakowitz
et al., 2012).

Knowledge of the environmental drivers of higher
(or lower) abundance can lead to more effective manage-
ment strategies than simply targeting areas of occurrence
by ensuring that the most critical habitats are conserved or
the most critical threats are mitigated (Howard et al., 2014;
Pearce & Ferrier, 2001). Given variation in counts, we were
able to differentiate sites with low abundance versus those
with high abundance; we found different correlates of high
abundance, thus gaining insights that may have been
unavailable in a basic (two state) occupancy model.
Because the high abundance state sites reflected a relatively
small portion of the occupied sites, it is reasonable to think
that by pooling those data with the low abundance sites in a
basic occupancy model, the pattern in the low abundance
sites would drive the results. The finding that habitat

variables were frequently important to transitioning to or
staying in the abundant state, but not the occupied state,
could be that—once established through the broad-scale
forces described by year, day, and spatial smooth—better
habitats support larger populations of fish. In fact, the nega-
tive relationships we found with woody habitat (here, tvw
and fsu) and the abundant state could indicate areas of
higher depredation or avoidance of predators (Moyle, 2002;
Moyle et al., 2011; USFWS, 1996). This finding is, as far as
we are aware, novel for the system and of potential manage-
ment relevance. Increasing bottom depth likely supports
abundance as an artifact of referencing sites that retain
water through tidal fluctuations.

Statistical modeling in ecology always involves reduc-
ing complex systems to the components that are known,
quantifiable, and estimable (Hooten & Hobbs, 2015).
With a dynamic occupancy model, we could estimate
when occupancy of sites changed throughout the year,

year spatial
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FIGURE 3 Coefficient estimates (solid circles) are shown with 95% credible intervals for each transition probability parameter for the

random effect of water year, estimated site-level spatial effect given a spatial smooth, and the selected fixed effects (ndays, the number of
days since last survey, was included in all models) for the three-survey dataset. For spatial plots, sites are ordered generally from west to east
on the x-axis (see Figure 1 for the exact location of each site). See Appendix S1: Figure S2 for the equivalent table for the two-survey dataset.
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FIGURE 4 Odds ratios for covariates from Figure 3. Fixed-effect covariates were selected using indicator variables (Table 2). Median

odds ratios are shown for the random year effect and the spatial smooth. The one value less than —10 was truncated at —10.
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FIGURE 5 Mapped mean and variance in estimated occupancy classes across 11 years (2011-2021) for each of 15 survey periods
and 30 survey stations. Survey periods 1-5 correspond to spring (20-mm survey), 6-11 to summer (Summer Tow Net [STN] survey),
and 12-15 to fall (Fall Midwater Trawl [FMWT] survey). For maps showing yearly estimated and actual occupancy, see Appendix S1:

Figures S4-S25.

explore why they changed, and allow inclusion of fre-
quent surveys that were temporally autocorrelated
(MacKenzie et al., 2009). Numerous previous studies
have found that abiotic variables—environmental covari-
ates describing temperature, salinity, secchi depth, as
well as a hydrological covariate (we included an estimate
of Delta outflow)—were important to Longfin Smelt dis-
tributions (Duarte & Peterson, 2021; Mahardja et al.,
2017; Nobriga & Rosenfield, 2016; Peterson & Barajas,
2018). None of these covariates were selected in our vari-
able selection procedure. The USFWS in a 1996 report
stated that “the positive relationship between Longfin
Smelt abundance and outflow may have broken down
in recent years, or dropped to a lower level”
(USFWS, 1996), indicating that at least one previously
important abiotic relationship has not withstood
changes in the Bay-Delta. Another explanation may be
that including a random effect of year, a spatial
smooth, and a day of year covariate explained much of
the same variation as these covariates. However, we do
not believe this to be the case because post hoc

exploratory analyses demonstrated the same findings
even after removing the random effect of year and the
spatial smooth parameter. Regardless, our use of a
dynamic, spatial model allowed us to capture the varia-
tion in the data to, presumably, increase predictive per-
formance and provide a better understanding of the
dynamics of distribution and abundance for this
species.

The management of unharvested, at-risk animal
populations typically focuses on maintaining or restoring
critical habitats (Camaclang et al., 2015). These habitat
features are often identified through analyses of rel-
ationships between the distribution and abundance of
focal taxa and various habitat and climate characteristics
(Elith & Leathwick, 2009; Waldock et al., 2022).
However, there is growing recognition of the importance
of incorporating spatial dynamics and spatial relation-
ships when assessing and managing animal populations,
as these factors significantly influence ecological pro-
cesses and species distributions (Beeton et al., 2015; He
et al.,, 2021). In our study, we detected relatively weak
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TABLE 4 Mean estimates, SD, upper and lower 95% credible intervals, and odds ratios (ORs) or median ORs for random effects for an

abundant state transition probabilities for the three-survey dataset (see Appendix S1: Table S3 for the two-survey dataset).

Parameter Mean

Probability of becoming abundant if unoccupied, p;

Intercept —4.65
Year random effect (SD) 1.72
Spatial smooth (min. estimate) (site) —0.59
Spatial smooth (max. estimate) (site) 0.16

Spatial random effect (OR only)
No. days since last survey —0.03

Probability of becoming abundant if occupied, p,

Intercept —-3.27
Year random effect (SD) 1.54
Spatial smooth (min. estimate) (site) —1.08
Spatial smooth (max. estimate) (site) 0.28

Spatial random effect (OR only)

No. days since last survey —0.20
Day of the year —0.37
Day of the year? 0.61
Bottom depth 0.55
Tidally connected willow wetland —1.67
Bay flat 0.11

Probability of remaining abundant, p;

Intercept -3.33
Year random effect (SD) 1.04
Spatial smooth (min. estimate) (site) —0.13
Spatial smooth (max. estimate) (site) 0.10

Spatial random effect (OR only)

No. days since last survey —1.53
Day of the year 0.13
Day of the year? 1.23
Bottom depth 0.50
‘Woody slope unnatural —2.26
Tidally connected willow wetland -1.17

SD Lower 95% Upper 95% OR
1.46 —-8.21 —-2.34
1.85 0.45 7.42 3.49
1.74 —5.50 1.36
0.54 —0.56 1.64

1.11
1.48 -3.07 2.71 0.97
0.80 —4.92 -1.77
0.59 0.73 2.99 3.26
1.89 —6.21 1.24
0.37 —0.10 1.29

1.21
0.31 —0.50 0.75 1.22
0.30 —0.91 0.25 0.69
0.32 0.01 1.29 1.84
0.17 0.23 0.89 1.74
0.74 —-3.23 —0.31 0.19
0.17 —0.22 0.46 1.11
0.89 —5.18 —1.66
0.47 0.34 2.19 2.64
0.62 —-1.64 0.80
0.30 —-0.32 0.92

1.06
0.67 —-2.95 —0.34 0.22
0.59 -1.13 1.23 1.13
0.40 0.45 2.01 3.43
0.20 0.13 0.92 1.64
1.01 —4.38 —0.46 0.10
0.91 —3.00 0.60 0.31

Note: Transitional probabilities are conditional on the occupancy state during the previous survey.

statistical relationships between tidal stage and a few
local (site-level) habitat characteristics and the occupancy
state transitions. By contrast, the spatial random effects
suggested that the location of a site within the sampling
network had a greater influence on the distribution and
abundance of Longfin Smelt. This pattern aligns with
observations of Delta Smelt in the San Francisco Estuary,
where distribution and abundance were weakly corre-
lated with local habitat conditions but exhibited strong
spatial structuring that persisted over time (Polansky
et al., 2018). The observed spatial effects likely reflect

predictable movement patterns of smelt throughout the
estuary. Notably, the large spatial effect on the probabil-
ity of remaining occupied, once a site was occupied, indi-
cated a strong persistent effect associated with specific
sites that was unrelated to any of the factors considered
in this analysis. This finding suggests that unmeasured or
unknown factors may play a significant role in shaping
the distribution of Longfin Smelt in the San Francisco
Bay-Estuary. Further research is needed to identify and
quantify these factors, which could enhance conservation
strategies for this and other similarly distributed species.
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TABLE 5 Mean estimates, SD, upper and lower 95% credible intervals, and odds ratios (ORs) for and detection probability parameters
for the three-survey (20-mm, Summer Tow Net [STN], and Fall Midwater Trawl [FMWT]) integrated dataset (see Appendix S1: Figure S3 for

the two-survey dataset).
Parameter Mean SD

Detection probability: p,

Intercept?® -1.31 0.21
STN —1.56 0.21
FMWT -1.73 0.40
Tow volume 0.01 0.08
Secchi —2.09 0.23

Detection probability, ps,

Intercept?® 3.47 0.51
STN —2.23 0.92
FMWT 2.46 2.68
Tow volume 0.63 0.31
Secchi -1.77 0.33

Detection probability, ps3

Intercept?® 2.72 0.56
STN —4.22 0.97
FMWT —3.46 2.58
Tow volume 0.63 0.32
Secchi -3.19 0.40

Lower 95% Upper 95% OR
—-1.70 —-0.91
-1.97 —-1.17 0.21
—2.50 —0.90 0.18
-0.14 0.16 1.01
—2.55 —1.65 0.12
2.57 4.55
—3.98 —0.36 0.11
—2.37 7.85 11.70
—0.03 1.21 1.88
—2.44 —1.15 0.17
1.68 3.87
—6.10 —2.24 0.01
—8.46 1.58 0.03
—-0.05 1.22 1.88
—3.99 —243 0.04

%20 mm was the baseline category.

CONCLUSION

While precipitous population declines can—albeit not
always—be documented using simple indices, the tools
for species recovery will in many cases benefit from a
more nuanced understanding of species distribution
dynamics. Our spatial dynamic multistate occupancy
approach demonstrated that nuanced insights can be
obtained from a species absent from 84% of surveys.
Although many imperiled species are even rarer, occu-
pancy models can be applied if a sufficient number of
sites with replicate surveys have been conducted
(MacKenzie et al., 2017). Multistate occupancy abun-
dance models can be applied with a mean true
abundance at occupied sites of 3 and at least a modest
amount of spatial variation between sites (CV of 0.6);
low individual detection probability is sufficient
(between 0.1 and 0.3) (Steen et al., 2023). Dynamic
occupancy models can be used as long as the cumula-
tive detection probability across replicate visits is not
low, even with few sites (n = 20) and low initial occu-
pancy probability (0.2) (MacKenzie et al., 2003).

Our spatial dynamic multistate occupancy model
results of Longfin Smelt distribution dynamics indicate
that woody structure removal may help maintain or

promote site-level abundance of this imperiled species.
While the Longfin Smelt has become a focus of the data
collected by fish monitoring programs in the Bay-Delta, it
was not the focus when these programs were established.
Thus, surveys—which focus on channels of the upper
estuary and the open water bays—have not captured
well, for instance, the tidal sloughs and shoals used for
rearing by larvae, or the spawning habitats at shallow
tidal habitats in the South Bay among, likely, other areas
(Grimaldo et al.,, 2017; Lewis et al., 2020). While our
approach utilized a multitude of surveys and a detailed
modeling approach, the picture is inevitably incomplete
given the absence of surveys in these critical habitats.
Still, our analysis approach allowed us to capture various
sources of heterogeneity in the data to map spatial pre-
dictions of seasonal distribution and abundance patterns
for this rare species that can be used to inform policy and
management decisions in the Bay-Delta.
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